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[ E] BHBY:ETERPLE S > (machine learning, ML) Kz 155 CT A4 5 375 W 40 it 'BF 21 it 962 (clear cell renal cell carcinoma,
ccRCC) H P54 (immuno-radiomics , ImRad ) 43 B FER ISR S8 35 U5 A= A2 RO BOMAN (B . 753 - W AR i iE 6 181 11335 (the cancer
genome atlas, TCGA)EHEE 113§ ccRCC B MG IR 25 B IE R 32355 B I IR AR A 24 R T, SE P AR R ML IEFTHETE
{7 32 - Ay L G o 9 i) R 9 2 7 i AR B FE U AT G TR Y TmRad 4378, 3 — 45 22 28 Cox [0 IF43HT ImRad Xt £ & BAETF
(overall survival ,0S) BTN RE . 45 R : 4 MLAZE 301~ ImRad 437, 22 FLATT B0, TR 25 DLk 33800 5 g S i S i e
TR R fe AL (2R T TEIFL 0.717~0.956) o 556 Tl R o LA ImRad BAREASFEFRRT LG , 551 PR -5 LK TmRad (A58 B0
0S BIRLHER A . ImRad FEEHT, Rad-J0G S HE K AU 5 8 AMFFIE R OS AAM S, Tl K. 4518 : B T A ML S CT 2434 Ap
T cc RCC AR IR I 5 e P00 A6 25 AR5 A A RRE
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Immune -radiomic phenotype based on ensemble machine learning in predicting survival

of clear cell renal cell carcinoma

LI Qiao', WANG Yuhao®, XIA Yifan',ZHANG Yudong"

'Department of Radiology , *Department of Urology, the First Affiliated Hospital of Nanjing Medical University,
Nanjing 210029, China

[Abstract] Objective: To construct hybrid immune-radiomic (ImRad) phenotypes of clear cell renal cell carcinoma (ccRCC) based
on ensemble machine learning (ML) and contrast - enhanced CT, and to investigate its predictive value for survival. Methods: The
clinical, CT imaging and gene-expression information of 113 ¢ccRCC patients were collected from TCGA database. Radiomic features
were extracted from whole tumor. ImRad predictors were constructed on tumor immune infiltration , tumor mutational burden, immune
exhaustion gene expression after feature selection based on ensemble ML. Further, the predictive value of ImRad for overall survival
(0S) was assessed using multivariate Cox regression analysis. Results: Among the 30 ImRad contructed by ensemble ML and
validated by 5 folds cross validation, Naive Bayes algorithm achieved the generally best performance (area under the curve: 0717-
0.956). Clinicopathologic immune comprehensive model on predicting OS achieved the best performance , surpassing single modality
indicators based on clinical , pathological and ImRad. Among ImRad features, Rad-Mast_cells_activated was one of eight independent
predictive factors for patients’ prognosis. Conclusion: CT radiomics based on ensemble ML can predict immune microenvironment
and improve the prediction efficiency of postoperative survival of ccRCC.
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175 HH 20 B ' 20 i 98 (clear cell renal cell carcino-
ma, ccRCC )& B A i i DL AR A L Sketk
kAN, A St eke  UREE . &
RS I A 3 AR A 23 4 A R I R S B
MBS HE R 2R, BEE ccRCCMALIRIT A
W A Ji el U B o SR e IR IR 20%0~30%
YRR AR, BRI M O RS T B8 A T
SRR

I 98 T B B 4% A M AR o | R s e 0 R
TeA BE AR, Xof Frivied A8 ) By T 7 AR S SR 5]
RO g 98 28 11 faf (tumor mutational burden,
TMB ) Bl g i D] 2 it DX Al ) 2828 B8, S
FERIT I AE AR B, TMB B R 14 Bl £ et
FTRCR A, TR AT E M (microsatellite
instability, MSI) Bl 8 & DNA o rh A% H IR 1) H & %
KBRS, AT AR BS W 8 13l 5 RS Y
IR A, S R E R BEIR PR R R dk
T2 > (machine learning , ML) ¥ CT SR
BTk PR TCEE U RUGUARHIE , D48 A= B
FHOC T LE W B 2= R AR A, TUYRY T B A=A
R

PR , AR AR B ML S, #F ccRCC 5214
LA RHE S IR S B TR B TR AR DGR , v 2
18 18 1Y 02 %2 1% (immuno-radiomics , ImRad ) 43 %4,
It BT IZR BN B AR S A A ) TR A (e

1 X&MTTE

1.1 *%

N B BT R R R 5 — B e 2 e 28 T A 3
UESEA ceRCC RHIA T JIE CT R4 HHA 5%
e R 3 S e BE DA BOREAY AR 113 401, v, 3
7741, 4 36 1], 4% (59.4+12.9) % (26~88 % ) ; AJCC
7 68.1% K T1~2 1, 31.9% K T3~4 1 ; 41.6% MK
PN G, 58.4% 5900 . 113 1 H A
PRAEREDTES R VTN AR T I A O E R SR
A FEIHE] (overall survival , OS) |, Fl15 05 6] 2 1~86 1
J R 11 OS #e de K BE DT TH) 3155, iz 0S Ky
31(10~54)1H .

SRR IR GBS A TT B8k PP 52 18R
% (the cancer imaging archive, TCIA) T %% (http://
www.cancerimagingarchive.net) , X W 53¢ | I PRI P
MIEEAE R K35 (the cancer genome atlas, TCGA) J&
W45 (https : //portal.gde.cancer.gov) '™ o | FH 9 iE
TR AR B S i ) i P DR DT e e 4 ML DA K% 92 1 114 2%

FPOE A0 & 5, 345 31 CD8” TIRIEITr [ TMB,
MSI . 4 R B FE M G2 P (LAG3 . CD244 . PDCDI
S TIGIT) ™ LA K 21 B e A0 M 4553 (ff FH R =
estimate £ 1 1) ESTIMATE 535 ) , #4515 3 b (o %%
53N i SRR
1.2 Fi&k
12,1 CTE®A & Fe 5 ARSI

fdi I & N I & 09 844 SRhythm Multi Label 1
Oncology Imaging Analysis (OCIA, | Vil ji5 K2 I
IR R S E =) 0 1 4 B 3 AR AR
BAZWr 2 B TR DR 1 44 BAT 6 4 Ik R TR
2RI I A PR AVE B A= HE CT Bz A A A R X
JE 3 G AT B 2 B) 1, SRS RlE I = A O R X
(region of interest, ROI) ; & — UK 2] 41 i 55 1 4 B
A 15 4FE IR ER S AR Wi 28 50 1 T30 15 O 2 A A
X o W HESE R IS A FH Pyradiomics 5440, 3 Hi iy
AR FRHE  ALFE 14 DMRARFRE 18 4> — B BT
BIRHE LA S 75 AN SCREFIE (24 AN KA 15 (gray
level co-occurrence matrix, GLCM) 4R 4IF | 16 >R 55 Ui
24 % (gray level run-length matrix , GLRLM ) ¢ 11 |
16 K JE XK/ NFE FE (gray level size zone matrix,
GLSZM) F#1iE (5 A &R 3K JBE 22 534 I (neighborhood
gray-tone difference matrix, NGTDM)4#F 14K EEAH
KHERE (gray level dependence matrix, GLDM)FFIE",
122 #EA ML

F A ImRad : ORELE SFFIETRE . % 085
AEEHIE ML G A k4D KUK, 15 SR H 4 R
I G 16 54 v, B A5 & 1 25 (information gain, Info.
gain) 3 75 K (gain ratio) . 3 JE R KT B (gini de-
crease, Gini) L AH ICHE I £ (fast correlation based
filter, FCBF) , 73X SR 2 AR R A T vt . %
I ML A5, A ] B HLAR AR (random forest, RF) A
J& 1458 (gradient boosting, GDBT) % # [] ] (logistic
regression, LR) | 32 F [n] & HL (support vector ma-
chines, SVM) AN 2 D1 181 (naive bayes, NB) |k 1T
4B (k -nearest neighbor, kNN) | 28 0 2% (neural net-
work , NN) e & x4 B %% 2] (stacking learning) 8 Fft
BRTE AT L 5 1Y 20 D2 2F R b gy — 50 28T
WA Fie H bR EL 5 3/ CD8' TIRIE T4 14>
TMB %15 |1/~ MST K (4 e #E b A DG [H K
21 Fh G e 20 M IR 1 e R 45 2R, FE 57 30 4 ImRad
KA, ZHh o AR FE I S50 LA SR AS S A5
2 AR T/ IMEAEE T B A HERR PERIE

GEW S TR WANE =R R o e < 1| N o8 N
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AJCC TNM 73] 2 A% 73 AR TmRad 738 34
CD8" THRIEITS; [ TMB MSI 4 Ff G #E i SC AL PR
Fe 21 P RE I FRE o X T4k B A 22 1 R - 3 -
ﬁ‘ﬂ,‘y’;’z%ﬁ@ﬁ(clinicopathologic-immuno—radiomics , Clinic
-Pt-ImRad) Filt 545 7Y, F| FH Lasso-Cox [ B ASAH 56
REAE 1Y [T 09 2R 84 /0 30 5%, 45 3 R EOR R HE
fiE o iS5 KA e d5e /N ITUAR : (mRMRe) 3 TH 0
i S %k 851 A SR E AT R4, R 30106
FERFIEA A5 4H - (radiomics , Rad ) TS #5578

ik —2 Z R Cox [BIHSFHT, S ZA 40T
JE 7 (DRad A ImRad #5259 ; )l K -9 2 - f0 75
(Clinicopathologic immune, Clinic - Pt -Tm) £ &1 ; 3@
Clinic-Pt-ImRad #%1 ,
1.3 %itxax

KA TAERHIE (receiver operating charac-
teristic, ROC) it ¢ F1 ROC pli £k T 1 #X (area under
curve, AUC) PN /325 882k e . Z2 IR Cox [H1IH 44T
THAAASARL TR 50 X e IRERIAZELIA] OS Y XURS: L
(hazards ratio, HR) X H: 95% n] { X [A] (confidence
interval , CI) o C-index P-4/ 5 4 5000 2% fig . >R
Kaplan-Meier A= 77 I 2273 A il 57 F5000 P51 18 A A7 52
Wil - 4T Log-Rank £ % . & JH SPSS 26 . R3.6.1 F
MeCalc19.9.4 AT GE T2 73 B . XU P < 0.05
REERA G L

2 % R

2.1 ImRad %2 BB AR &

1 WG 20 BRAA 6 i 32 A 4 o (4 RRAIE T
TEX8 B ML 4328 50k ) , NB S i H At 4SS A
A AT 4 J 8 (AUC: 0.717~0.956, % 1), F
T NB B 1Y) ImRad 26 AL RE A% A 250000 i ed 25
2L B 4 (AUC=0.954) #1012 CD4” T 4
J (AUC=0.942) |\ ¥ 1 25 F 8 2% £ 41 M (AUC=
0.931) \FERR ML L (AUC=0.956 ) F 1514 T 44 ffd
(AUC=0.908)#1H(P < 0.05)

22 A FRRETRN 0SZLAL

3 %F et Rad . ImRad | Clinic-Pt-Im ,Clinic-
Pt-ImRad X OS A FNALHE

K FH BR BE $E T+ B 33 (gradient boosting ma-
chine , GBM-Cox ) %] Rad Tl Al 7~ G4, BRI 1 4F
34F 54 OS IR HEH ZIE (B 1) o 30 148 mRMRe
R4 I 1Y) G 58 Rad B, wavelet-LLL_glem_Imel |
wavelet - LHL_ngtdm_Strength . wavelet_ HHH_glrlm_
Long Run Low Gray Level Emphasis 7 37 50 X -1

(£2), Rad LTI OS %) C-index A 0.756(95%ClI:
0.636~0.876),

30 A3 T 7 0 PR - 2 37 ImRad 15 $5 4%
(F£2,K2A) , HF OS Y C-index 4 0.857(95%Cl ;
0.787~0.927) , L T Rad #54 ,  Clinic-Pt-Im $845 7,
AJCCr#] TMB 145 B 455 11 8452 4 0S
(A7 S R+, Clinic-Pt-Tm AU OS (1 C-index
9 0.924 (95%CI : 0.872~0.976) , 1f: T- Rad 1 ImRad
(#£2,K2B),

Bl A5 Clinic-Pt-TmRad Fl] OS 9 C-index A
0.938 (95% CI: 0.902~0.974) , 1. F Rad. ImRad Al
Clinic-Pr-Im #5551 (3% 3, €] 2C) .

A ST T A5 B8 A 753 B Rad - S AR
FEARZM  Rad-F5 AL K40 S Rad-M1 E W4 Y
3N PE AR FFIE B Kaplan-Meier H 276 5y IRFRIA
Y AFFAE D 225 (P <0.05), AJCC MM R 5
FRA 5 PTG S AR A AN Sz MIST 1 F ik B3R U A
1 2 AR SR A v R B R TS R A, B
e ARFR IR A A A AR B 25 7 (P < 0.05,
K3),

3 3% i

ccRCC Z L T B ot , 5 e 22 UL , 8 % R /A
—, (B st B | ] L S i o0 PR TR M, nT A
AL, A A5 i IRBE S e . AT A
AR RECR, BIE sl P B4 6 , Bl
WURLIR , 8] BB 426 A B4R A SE . CTF4
P BT A By B o A Bt A 25 5, A
JREE AT G I IRAE A B ESE . Tl CT
I 2 5 Tl L 9 I A A5 i AP, (AR )
R Jp e s J8E 22 2 0, T AR R B R S 2 N1 2]
SRERNE S A G, 4 RZE ccRCC I E M
PBhIR , S SR B BRI 22 W AN 2 ) el Sk SrR o
b, s AR 22 5030 8 B O, B e ey, Ak
J0 B S 35 Y A A ) BT S AR, 22 22 PR
PEPRI R R BRI R R A
A AR )/ NEDIRES R S DDA DG . ASBIFTEHE T CT 1Y
5iR P15 S B I ML A A cc RCC 1Y S BEEAR R AL, OF
PR HOO 8 U T30 A (L

FI A T2 R S AR L R AR 0 i £ 2 T
IR A S BT 5, T AS B 5 i 4R B ML K%
29 ROUAR LA “EHFIE 3T, I ccRCC 1 2
BIERAR Y AEHAT5 3k Kl R 7 TR RAT —
SERFENE . AFTTEH IS AR- TR, M T 301
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Table 1 ImRad and AUC constructed by ensemble machine learning algorithms

Sl NB Stack GB RF NN LR kNN SVM

i 9ed L T 43 0.759" 0.642 0.613 0.651 0.615 0.503 0.567 0.436
96 G RE A L H22 T T 43 0.806 0.760 0.813 0.821" 0.785 0.534 0.612 0.790
i 40 T 53 0.780 0.792 0.777 0.795 0.832' 0.637 0.580 0.773
TMB 0.772° 0.692 0.569 0.611 0.411 0.545 0.597 0.434
MSI 0.724° 0.685 0.666 0.646 0.615 0.556 0.558 0.545
WA B 41 0.813" 0.764 0.648 0.641 0.530 0.428 0.545 0.517
it1Z B4 0.954" 0.787 0.57 0.788 0.725 0.567 0.683 0.765
AN 0.847° 0.670 0.638 0.584 0.534 0.517 0.607 0.416
CD8' T 4iifif 0.744" 0.692 0.513 0.609 0.410 0.523 0.571 0.430
FrEAICIZCD4 T4l 0.942' 0.791 0.644 0.801 0.707 0.650 0.573 0.506
PG A2 CD4 T 41 il 0.729' 0.666 0.605 0.617 0.550 0.410 0.392 0.386
AT B 9 T 24 0.774° 0.672 0.659 0.698 0.648 0.538 0.624 0.660
5P T AT 0.908" 0.767 0.702 0.675 0.723 0.695 0.599 0.575
~S T 41 0.765° 0.599 0.668 0.641 0.570 0.567 0.622 0.664
R ARG 0.820" 0.664 0.728 0.737 0.576 0.718 0.616 0.663
OGS F AR AR AL 0.931" 0.691 0.558 0.513 0.547 0.306 0.547 0.404
AN 0.739" 0.632 0.721 0.611 0.581 0.380 0.625 0.407
MO [ I 241 i 0.717° 0.606 0.595 0.544 0.526 0.599 0.655 0.439
M1 I 24 0.767° 0.607 0.674 0.669 0.614 0.642 0.627 0.678
M2 [ I 241 i 0.742° 0.698 0.724 0.689 0.595 0.645 0.590 0.668
SR SR 4 A 0.724° 0.621 0.633 0.642 0.572 0.597 0.609 0.583
OGS IR A 0.869° 0.731 0.546 0.549 0.377 0.499 0.634 0.504
RSN R 20 i 0.869" 0.662 0.590 0.661 0.688 0.707 0.469 0.532
WS ZS 0 KN A 0.889 0.805 0.786 0.901° 0.803 0.689 0.759 0.794
WE TR L A 0.956" 0.834 0.626 0.757 0.801 0.715 0.552 0.432
Mk AN i 0.767" 0.670 0.654 0.617 0.624 0.655 0.573 0.562
LAG3 0.806° 0.742 0.755 0.714 0.729 0.605 0.561 0.739
CD244 0.752° 0.739 0.665 0.645 0.643 0.499 0.561 0.695
TIGIT 0.835° 0.762 0.762 0.777 0.758 0.593 0.673 0.753
PDCDI1 0.787 0.718 0.817° 0.757 0.702 0.611 0.628 0.731

WAL B4 4% FCBF L Info.Gain . gain ratio . Gini, 2325824045 RF .GBDT LR .SVM .NB kNN NN, *: Jp& /328 B b e 25 AUC; #: 1y b 3%

HAUCTH.,

ImRad S & 548 o0 8L, Horp 8 4> ImRad 431 5l %
OS ST AA I, 2T ImRad /3 BIFY EE ) Cox AERIXT OS
P BN AL RE L TAE 5 07 o 1 H & B Rad-## B &
PSR AN . Rad-M1 E WA AE S Rad-#7% A AE 40
J1 34> ImRad B 25 ) R3B KA A], H OS AR &
Z5 PR PRGBS B IR PR U B R b
(TN AR, AT A I PRIG 7 7 S8 4R e 2
BRI

SRR T L, AW LN BT 5,
W R Tl B e 8 b B2 A WUE 2 5 g ROLZ)
I XTI AN R %) e, 255 I PR NS AR 1 22
95, s AL PR e GRS RA 9 4, DT 44 15 /) 1pf o

PE, Il 8 W W S AR R IR TR ME . H
U ARWEFRAEHOR BT T 2 w0 T S AR,
JF 2ok T Al S B AR e UL S A L T TR
BV, O T /R AR B0 BB ) R A 1
UE, T RE 1Y) 30 A~ ImRad 4378 o, 8 D13 307k
SRS R I e, 78 2 F e Hh U LU T R A
g5, U8, 7E Cox M4 43 # v, 3 i Rad . ImRad
Clinic-Pt-Im A } Clinic-Pt-ImRad £ 5 X} [ , il 5 3
T RAR Y% IR ) ImRad 25 fE T HL40 Rad L7
Clinic-Pt-ImRad £ F Clinic-Pt-Tm #5845 5L
N, Z A i i SRR IR O Y
ORI, 38 o) A8 B0 AR 3 R, A R Dy i PR B L
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T A= A7
B TL ORI R I RAR Kt/ NTUAR I AT 851 M 3A1%
AR IEATREAER 3 30 ANFAE , SR HRH B BE B2 TH R 512: (GBM)
AT Rad A AR 0T, T4l 1 4F (3 4F S ARAE AR RS R I 2 (8] (R 1
B mRMRe 11, survival £, . gbm £} rms £1,) .,
E1 Rad#EBVFN 145 3 F 5 FETFHIRR A 2
Figure 1 Calibration curve of Rad on predicting 1-year,

3-year, 5-year survival period

— AT S 1 O A 5 1GR 1 ok T g e
TUPREEIRAS NI A4t 5 8 3 SR e VR T T R B L ]
SRS . DATEBFSE & B TMB AT T T i 96 | B
IOk 5 B €0 R R M 4 W s A S AR IR ) S BE R
JEIT AL MSTHRAE T 5 g B8 8 X A VR T 1 R
o OB O TMB A MST R FH T ceRCC H
Hxt 58 35 AR5 WS 9 B0 A {5 AE Clinic-Pe-Tm Al
Clinic-Pt-ImRad 5 %Y rf 3475 21 5541 , /5 MSI Fil TMB

TR 52 R AT KU B, 42 B ML A4 2 Rad-TMB
F1 Rad-MSI /9 AUC RGBS HER B2 34 > 0.70, #7R
JifyRE TMB B MST 26 51 5 515 4 2E 45 AF HAT — 78 5%
bk

) I AR A 98 A2 B, 25 AJCC A0 3 CTTATIV ) & A
R T S AU PR R X 5 REAEF 5T — 30, 5
A% CD8* T AN LR 1) 3 AN S BEA> 0T, & PR i
Rad- 88 56 55 1F 45 B Mg 40 B DF 4 4R S B4,
Al BB R b G g% g A (LA %4 1) CD8” T 41 if i
1) IR G R SR 8 ELAT 5 1) 88 D P RG] 41 2
TRIT IR, N2 = R I AR AR, 21 8
R 0 V2 1 32 35 M H TmRad 43 U | Rad-F B2
R 5 AR 240 b B e JEL A AR SR A R T A B R TS
RAf, H oS g fe m MRFRB A IMIfAAE B & 25
Rad-M1 W4 i K M1 W41 i 3= 1 42 R 75 ]
I, Rad-M 1 E W40 A% A= A7 #h 4 78 v AR B 4]
FEE 25, UL AR e 4y A TN f 328 200 i
T PERYBE ST s Rad- SR AN & b 3R TG RAF, (HK
RIS A R, X 0] S5/ ARSI 40 A AN
K5 17 Rad-1800 A5 HE R 20 it R 3840075 245 B K 40 i s
FHWGA R, AR s AR B A
F 255 T Rad-WRE IR PERL 40 I 26 35 i 5 3% TR A

%2 Rad.ImRad ¥ Clinc-Pt-Im # 3! & [F 2 Cox 5 #7
Table 2 Multivariate Cox analysis of Rad,ImRad and Clinc-Pt-Im models

T B LA HR(95%CI) P C-index (95%CI)
Rad wavelet-LLL_glem_Imc1 0.01(0.00~0.05) 0.006 0.756(0.636~0.876)
wavelet-HHH_glrlm_Long Run Low Gray Level Emphasis ~ 0.50(0.25~0.99) 0.049
wavelet-LHL_ngtdm_Strength 28.23(24.75~58.41) 0.009
ImRad Rad-PDCD1 0.20(0.07~0.54) 0.002 0.857(0.787~0.927)
Rad-figi 5L 074y 0.14(0.04~0.42) <0.010
Rad-$ 41y 0.25(0.07~0.89) 0.033
Rad-M1 F 400 0.20(0.07~0.55) 0.002
Rad-#t 2 A SR 2 i 0.10(0.03~0.31) <0.010
Rad-J06 &S 2R A0 0.21(0.07~0.60) 0.004
Rad-#0% A AR K4 i 43.70(7.82~244.9) <0.010
Rad-FEm MR I 3.75(1.02~13.60) 0.045
Clinic-Pt-Im  AJCC M4 63.70(13.60~298.70) < 0.010 0.924(0.872~0.976)
Jibygd i A s i P43 7.79(1.54~39.30) 0.013
Ji g 4o T4 0.05(0.01~0.38) 0.003
TMB 10.40(2.20~49.30) 0.003
WG B 4 10.10(1.74~58.90) 0.010
R AR R A 0.05(0.01~0.36) 0.003
MO F 4R A 0.19(0.05~0.77) 0.020
M1 g4I 0.18(0.05~0.61) 0.006
M2 5 AR fifd 6.57(1.78~24.20) 0.005
EE AR 2R 40 i 0.11(0.03~0.44) 0.002
PG AN AN 151.00(26.00~876.90) < 0.010

H | 3R Z KL Omnibus K56 (19 LA 2 4 i BYXTEBLRE 2351 °h 176.065 ,115.517 ,191.548
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Heterogeneity : '=92%,7°=5.404 3,P <0.01 0 '01 (') 1 ' 1 ' 10 '

C-index=0.938

B2 ImRad(A).Clinic-Pt-Im(B)# Clinic-Pt-ImRad (C) FIFR ¥k Bl
Figure 2 Forest maps of ImRad(A), Clinic-Pt-Im(B) ,and Clinic-Pt-ImRad (C) models

%3  Clinic-Pt-ImRad i LASSO-Cox [E] J31% 5!
Table 3 LASSO-Cox regression of Clinic-Pt-ImRad model

<1270 MoR B R Rk ¥ E W 202349 A
A ImRad HR Hazard Ratio 95%CI P
Rad-PDCD1 0.20 — [0.08~0.54 ] 0.002
Rad- /i L T4y 0.14 — [0.05~0.43] <0.010
Rad-3¢ 41 )i 0.26 [0.07~0.89 0.033
Rad- 5. W4 0.20 — [0.07~0.56] 0.002
Rad-fif S AR RN 0.11 —— 10.04~0.32 ] <0.010
Rad-J8i% A0 2R 40 0.21 —i [0.07~0.61] 0.004
Rad-#iE A0 E 43.79 ———  [7.83~244.96] <0.010
Rad-VE IR PR 4 i 3.75 - [1.03~13.69] 0.045
Common effect model <> [0.22~0.48 ]
Heterogeneity : P=87%,7°=3.539 6, P < 0.01 001 01 1 0 100
C-index=0.857
B Clinic Pt Im HR Hazard Ratio 95%CI Pt
AJCC Ay 63.79 —_— [13.62~298.73] <0.010
HEFJMa éﬂiﬂﬂxxrlﬂﬁé} 7.80 —— [1.55~39.32] 0.013
JiRg 2l BE V53 006 ~ ——— [0.01~0.39] 0.003
TMB 10.43 — [2.21~49.32] 0.003
%JJ!I Béﬂiﬂ@ 10.13 e [1.74~58.90] 0.010
A ILIZ CD4” T 41 3.51 [0.89~13.77] 0.072
E x 1 9R ZA52m 0.05 —_— [0.01~00.36] 0.003
MO E uﬁﬁiﬂ@ 0.20 —— [0.05~0.77] 0.020
M1 E g A 0.18 — [0.06~0.62 ] 0.006
M2 5 A 6.58 a— [1.78~24.28] 0.005
TSR AN 0.12 — [0.03~0.44] 0.002
b efoy: kw1 151.00 —+——  [26.00~876.91] <0.010
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Figure 3 Kaplan-Meier survival curves of partial independent predictors
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