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Hls wh=a1, delzh whe] dggow wE spstaniolut WARI A 87}
279G [3]. AR S AAEFH St Bla) 4 Hef dolrt 1l
Pu = Sr7F =27 dio] 27de FeEs T 4xE F Aok HA&
AEZH G BN &) HHo AaYoR AN, 25~30% A
| A&etet. w3k, HA Y Fe4 Bl Eqtstal bd AE
&2 TNM &7AA7F 1A 1 &Sl 74 73%, A Q1 A5 74 25%
of wE3etth2]. dA oA Y AFNA HFF adjuvant therapyt
neo adjuvant therapys F7}ste] o|#|st A3E /|Adstea Al=Foltt
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1.1.2 Programmed cell Death Ligand - 1(PD-1.1)

HaME g A5E 9ste] dAE ®We PD-L1 2d F4

- oAA7E SRS A, PD-L12 @) A7

protein 1(PD-1) ¥} Adste] P AELE B Ax= dEHst= o=
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ArbE Eoﬂ s Yol ¥¥s F&E3)
EAlskE Ao wet ol g
at7] oldel CT ':«] WA o8t o
HIALA o] 8k oA 2
FAE & 5 A "o AR, HgAHew a8 Aot Chengdi
Wang ¢ d7+7[12]2 1135 ¥ TNM ¥7|7} ZFaF EXE HLAE
et #A=S 7L PD-L1 74¢ L4, PD-L1 3 1~49%%1 1%,
50% o]l 5ol tiste]l CT radiomics feature®t Deep Learning
feature ¢} Clinical feature & 7H3l bH% Sd~ E7E
Zyzyo]l 1ol olstel AUC 0.95, 0.934, 0.946 olgtes A& AU
Panwen Tian ¢ A% [13]2> 939 W #H<g =S dide=z CT
radiomics feature®} Deep Learning feature®} Clinical featureE ©]-&3
of PD-L1 50% o]’ Z15ol thste] o]z E/E 3% AUC 0.76& &
ATt Ying Zhu ¢ A4+2[14]S 12019 «] P v AAEHYG IRER
PD-L1 41 FH 50% 15l digte] 247 o] EF/E 3k
0.78% 0.775 AAJt}. Qiang Wen & A7x[15]2 12092 2134 #]
Z2AEAY FAER PD-L1 50% 28 diste] o EFES &9
AUC 0.795 44t} Zekun Jiang ¢ A+7[16]2> =3
H 52 PD-L1 A 259 thele] AUC 0.855 <L %lt}. Stefano
Bracci 9 A7H[17]12 72949 &4 vAAEHAY IAEZ PD-L1
50% ©1% LFellA AUC 0.798 <At

Author Cut-off Population
Chengdi wang(2022)[12] 1%, 50% 1,135 NSCLC
Panwen Tian(2021)[13] 50% 939 NSCLC
Ying Zhu(2020)[14] 1%, 50% 127 Metastatic NSCLC
Qiang Wen(2021)[15] 1% 120 Advanced NSCLC
Zekun Jiang(2021)[16] 1% 125 Surgically resectable NSCLC
Stefano Bracci[17] 50% 72 NSCLC

¥ 1 913F4 PD-L1 £4 <5 da A
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FAE 7R Aol A, olyd FAE VHAE FAEY] e A

2AEAYG AL 50%0 T AT ol EE B|AAMEHY
W ol AxEte A PD-L1 o] W3 E 1
@ =AZE AstH AgsS dHolBrt B WFor o5d 7heA ol

. dE 59, PD-L1 7] &Rl $x59] "HolE7F 99%°]al PD-L1
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dolgle] o] M= oF Zdo Her HAIFES 71d 5 A
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2 AT A Hwo] epEEE masks WHol EAlstE Fee 1, &
AetA] e FiE2 022 IYHAY. mbA Y42 CT 9749 masks
wold By gt G Hed, oF vEer 27H4 EdEE wEth
A A2 3D Ao A ZHE featureE FE=3F 3D image analysis®} 2D

AAe] patchE =% #83k 2D patch based analysis®|t}. 3D image analysis
o 4= handcrafted radiomics feature®} &2l 7|AIstsE: 2AS, 2D
patch based analysiselA= H 2]d 7]¥Fe] multiple instance
learning(MIL)©] A}-8-% AT},

3D image analysisolA &= Zzte] WWHAM 2] 7] zfoloq 2+ HA}

2 93 g5 2 FE #9]7] 93] handcrafted radiomics feature 7]%k

o AFAR] VIASE 2ds ARSSHiTh el 595 2T masks

shipaty] wiel, stk 37)e) Aols) wol vz, o] A% R ol

MAE AFEEA] HE A4S WAL intensity®] ko] 091 F-Eo] o}
Hug AAA] S A

Aol k5ol o]y t}. 3D interpolationg ©]-&3to] A=
g Sol Aol 98 Aue) Edo] A dofuA Huw, FabHo
h

2 2+ Aol9 handcrafted radiomics featureS ©]-&34 = 3ich.

oy Ev% EAE ddsty] g AAAd WHOE  multiple
instance learning =2 ¥} 2D patch based analysisE& AF&3}S T MIL 22
< bag Well d}¢] instance ®F Q1 F# el &= bag HAAE Fo
2 e AAlEe vk webAd, - HlolE AES patche
shibe] WS shue] bago® AolshA| otk kol Zhesit AT
ANX = A 20970 - dHeoly AES WWEe] 32x32 I A7]9
patchE® bags FAsta, I T Adte] bagdle #Fd FEo] Ue
instanceE WHSIAl EFA]7]aL YA ARke] bag> PD-L1 &/l A
2 patchEWte 2 FA48ts WS Sl Heoly E4d £AE fdst
A g

3D image 7|8+ 2 &y} 2D patch 7|8F Bdo A% 7l 2 AnE 4]
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2.2.1 3D image analysis

2.2.1.1 Handcrafted radiomics feature

Radiomics© °|V[AE A#Fstd FXE2 YHEMWE JAS on|sh
tH19]. o] &ofo utjste] HASA ofEWA FX3}E sof strp= H et
Aol= UAIWH[20], I A Filtered, Intensity, shape, texture feature?] 4

7HA] feature “1FEZ Wit 21]. o] 5, Filtered feature® ¥ o]
o] EA3Tt filtering 3+ Fol U2 o|u|AE X33} featureES 9
o} oW oju A9 filteringS AXA FS AHOA YU featureES
Original featureEo]2tar A o]s}ar, Original thAlel filtere] o]&S 7] A5}
WA LiE om Ao thgt feature®t T+t Intensity features= 74
A B = e feature TLF O =ZA, oux e A G el on|A
IntensityS< 3o ko2 £Xx3}3t feature 52 w3t A4 o
el HaEgh, HAYgk, Het, SAY, AxE JE TR A 49 W
Intensity &3 g ARE Yetd 5 A= oW AZFI} WSS
Intensity featureg}il A olsk 4= At}. Shape featured 4 4

715 FA3}e feature 55 9P| St Aol Hu], Zo]
=¥ A

]
m) &k

i

= ROI WollA yetdl F=25& onlgit. o] 1:} Shape
We] Intensityoh= ¥AZE g17] wiigol #A G S
A3t & 4 9o filteringsl| Al ¥4l G o] W s}s}
%7} WekA] et wpA o2 texture featurei
ROI W 9] Intensity E°¢] ¥W3st= AL E FX|51g featureEs 97| et
Greyscale o|n|x|o|A] o]& X3} & ] REAOZ AlEH+«= WHPO=E
Y& oluR]E Grey-Level Cooccurrence Matrix(GLCM), Grey-Level
Run-length Matrix(GLRLM), Grey-Level Size Zone Matrix(GLSZM),

Neighborhood Grey-Tone Difference Matrix(NGTDM), Grey-Level
-9.-
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Dependence Matrix(GLDM) &< dd= Wgst= WHolc), zhzte] a4
=< zhzke] Ao wet oA 9] Intensity®] FX|7F Wstst= AR7h

PRl AL A#glel oA%9A FEHS  UdEAE YUEG
[22,23,24,25,26].

oi
N

GLCM ¥ Azl ek 7)ol 1A Intensity®] =4%8G0,)7F
GLCM 19 #G,pel = A& ded= ol [22]. 2D
imageol A= 370¢] WA, 24, gizhad)e] dejd 4 il 3D
M 137033 26709 Ho= =

AE 13704 Fge] el el

g
>
N
i
b
ki)
32
I

lo

T glen dubfors ATt <l
Ak JgoA GLCM dES AolshA dd). o]2fdh GLCM g o]n]
Aol BEadAdy dPAdS e = dE2 gojH

GLRLM 42 57 kel diste] oW Intensity i9] dol7} jubs
sAlel Sl FEe] olwAl el R 7F deEAE yEE dldolth
[23]. GLRLMO] W&ke Fgdozi= Qlojo] BE Zkof thale] A ojsh
T Ao, gAE omA A HA & F A& FHS GLCMF wiztrb
]

GLSZM #¥& 54 Intensity i7} 153 Gl H 7 SAe=A
Uetl= ddo][24]. o wf, 1% e Aol 1= g
22 olw o] Ag- 9] AS JFAAL Qhal 3k oA o A 27
o] A& 7FX|ar Atk GLSZM ™9 (i, ) A2 intensity i7} j7 &4
= 999 M= Aouu & g9 B2 g dEow Ao
gtk =, o' 249 olm A7t 9] 9] intensity iofl thale] <14 g
97fe] AT intensity iE 7FAil, YW A= intensityZ} Oolgtal
o, GLSZM ’@Eéoﬂfﬂg (1,99 @< lojth apxvt L 999 =24
?l j=4 1 4709 5L (i, Dol TFHA Gk 5, 1 23 ojn|x
o 49 GLSZM matrixe (1,9) oA 19] X5 7FAa1 YA = 08 2

ok X N
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= FHo] Hrh. GLSZMO| 5L nt2 AT JH5e] =dI4T 49
HoieE Ay wieke) wel thE A AHon = s§Ho| olyeteE Ao|th

NGTDM ddL& A4 o4 W9 intensitys 3 HA I 71A
HA 42 B 99 U9 intensity’} EAe= g, 39A 2 #A
o WolA a3 intensity’} A= &, 444 & AAAAFS e 7t
ZFe] intensityE 7HA= EE A gty T HAAE
HEo Ht intensity?} 19 zfolo] AVIE BT Yo #S 7MY 25].
UAl Za A NGTDM s Holl A =414, 4
2 & intensity?] A7]E e

)

Z
lo
=

(0]
4
o
o2
12
=
2
X

GLDM #d& dele] Al s9 dele] 27] eol tate Intensity 3t

o] oJEAS Aot ddolt). o] W, fv HE 1= Aot =W, o] H§-
bR 1% 999 EATS T3t stal 67F 1Y E BF 2 A
2ol 7Aoo EA S A5t st 1A E iAo ol 12 (HFgi
ojmjx]o] of= gk A acA § <t HAITF ZHzFe] 59 intensityE Y
a9l intensity®] x}ol7} aqolstz Apol7F F A5, oEA ] Artka AHels)
A "HoH[26]. o] W], FAHOE a= 08 AE3sH o] HAfol= H a%}
I JAHT GHA intensity’} 22 HEY TS EA A= A
=olgtal ket Evk. GLDM d-2 oln#] o EE FAZo| st
of AT A9 intensitys¥} Blulstal o|EA 0] = JAEY JFE
A3t stAl "t =, GLDM 3E9] (i, pollA e ¥4 intensity i7F j7H
= | = AFE ougd o W, GLSZM 3d o] polil
ofw 22kl olm A7} 1€ intensity iol thate] Q1% 971e] Al A
Tt intensity i2 7FA 3, Y A= intensityZF 0olgtx dtchd, GLDM 3
= GLSZMF vh7HA R (L9 18 7EAARE, 2 g FE3%E
= g™ Lol Hrf. =, o] om A7 GLSZM FHol A= (1,9) = 1A
w1 7HAAL U AE 08 e ™ol He= ¥ =4 GLDM 3™
< 1,94 1+ 7FA AL, (,4) =4, (1,6) = 49 #hs 7HA= @do] Hr} o]
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2 HolH texture FHoA o 4 Q= FAE9] texture feature

=olt}.
!

convolution #4-& A= AF g G99 7M5XY & LA H
31, pooling layers convolution ©]%o] & WE A hEFS FE53=
HAolrt, =, vtE QIS geAe] BRE A H7| 4&H, texture
A= 5 F Ue FEE de vE A3 ddAM 2= F U= A
HEo] # wigdso] Q. . A e 7[AEgE R featureEE
filtering ¥ A %< Y& ojn|x]o )3t intensity, shape, texture feature

£9 & 110709 handcrafted radiomics featureE A}F83} ).

[

o,

—rxéo

off
-°

CNN<  convolutiong  ©o]€3te]  featureE® F=

rlr
%

2.2.1.2 Radiomics =&

A5 42 7]Ag<5(machine learning) Z4@e] 7]

T
g3l ofw A & 4 gl ma

BHEo Aeol 7Aool Hods &M &d HolHAEES shEdhe
Poltt. ZIAeE 2de ¥ volE AE el 4= dHolgol thate]
A5 #& s =, of W s HolE = Aol ZAE] jlom
2 Aeol ExleA skeAdd dg FA8t hesta, olE A vE
T U He wEer Rde gAYl Wlolt 2 Aol AHEE

|
71 AIHE e o #yd 7]uke] attention based deep multiple instance
=20l radiomics Edo] gid, B FHoH= AEHo]
A5S Awetazr gy 2 Ao A AFE¥ radiomics E
do] | HYd Rdy FEEE P & 542 Edo] o EYAE
o S3al7] 913t 48 dole e EA(feature)s 2AZ THEO] =4 oF

olt}, o] wj ANEFE radiomics EEE9 featureE< handcrafted
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radiomics feature5S min-max® A7F3} A AFESFA T E Aol A
= PD-L1 28 o ¥ th3t radiomics RUE X2 37 E{FIN=
A3 e PD-L1 % 50% oS H¥H3E radiomics EEE

XGBoostZ A A3t

1% radiomics R do&= 22X~ 37 Edlo] MAL Yt =X A€ 3
7 2de Ay 39 wdol sigmoid S FHI AoE AHHY. 22X
28 FARAL N/ W5 xo tigh & ¥ yo] #3 Aoz Ao

AT,

abti

o) =1 )

+e*

N
y=o (Z(ﬁixi) * ﬁo) @

i=1

2l (12 AlaRol= E 9u|siy, (2) v ZA| Y 34 EHo A
oAl ot} AR ol= W9 # A3 3|7 EEo] oo
2228 39 Ede HTE folHE UdoR AE3sH] udd B
T A 2~8 3|9 FEA o] &4 3= negative log

=
F glon ol

-

Az AT 4

2

FolA ©]+= binary cross

i

A
likelihoodZA %<9
entropy e} T2

oo
[—

XGBoostyx JAFAA U 7]¥ke] boosting E @ o]t} Boosting 71
olgt 7[AIStGAA SEE 7IH F shuoltt. o dEol weak learner
gl e AE AR REES 2ot Aes A= HHE ord
t}. o] F boosting 7I1H2 weak learner £°] 3 @A &S 733
U7tHA AAg 7hsAE Foshe W oR shgo] dEH= GE
71 o]t XGBoostoll Al AFE%H weak learner ¢ AMAA UF= 4™
HrEo] A9 FEAA SFER W 7te A ETeE Fole
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y=®(x) = Yi=1 fie (X)) %)
o] w], XGBooste ta¥ 2 &A% L(@)E sh53tt
L@) = ) 1Guy) + ) 0(f) @
7 3
where,0(f,) = yT + %AIIWII2 (5)

A7IA 12 A5 gk yok A gk yol tiste]l dole) wE7ksd convex
g &4 FE Yrlsta Q«] T 7} tree?] leaf /NG5 97|stal wi
leafo] 7}gA1E ovtt. of F7hd A tst & 0= skl XGBoost
= ¥ vEs WA shs WEeR ShEekA "Jr(29].

2.2.2 2D Patch based analysis

Patch based analysist= HW# %2 Whole Slide Image(WSDHZ

computer vision oFoAl EAst uw @wo] AME-FHi:= 7|Holt}. Patch
J_:lﬂ__

il
based analysis®] &5 o|m| Ao AF-ZAQ] FiS Fo2A 1A% 5
A4S FEAW] drbe Hell Ak & Aol AMgE HHES Y &
Fol EFTH Foo] A Fo=m gy Hoj9lal, Handcrafted
radiomics featureoll A WOl HA A0 SAS FE307] wEol F ¢
A oA 5SS FE5H7] flste] WHS 32x32 A A7) &

zZrt= 2D patch® W59 patch based analysis® A-&3l3tt. S44 <l
3D CNN& A &g, 48 dolg o] Z7]& uwtFo]of sh=t o] uf %
& A71e] BM¥E B AU 2 A7) W¥He oAbl s gkt
o] HAA AR &Aool dojypA Hi=t] PD-Llo] & =4 AAE
A 7 e AEolA, A HAR AMEEE A A7]= CT A
o] 1 A Are}t vlzely] wjifel] WWe AV|E WA oRE <Qla o
ofub= HHO] &AL WAt} qroF Y o|HX o AV|E IR A}
- 14 -
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S35 2 Afole 09 #@e e ool Wolx]7] wjFo ol WA
S Aot} wba, YE oluA e Alo]|RE F£AFA il handcrafted
radiomics featured] H st = A= SAS F&5T 4 A= HHoz 4

W oolm X2 32x32 FHAo 7+7to] patch® Lol 5A %t
2.2.2.1 Label smoothing

Aol 1, YA 002 FAE WHE 9 3 Qzmy wWE g 3t
o o]e]dt 2p#lE] WAS hard labelo]2tal 3t} ImageNetd} 2 &
olf AEol= fhdw {7l AT oldd gEd eR7VF de
hard labeling¥ HolHEL Qo tidh &AS S Iz %3]
SHA "} ol HE Hesly] §3%F soft labeling ¥ 1 A sk
smoothing 3= "WH¥S label smoothingo]gtal  3c}[30]. Label
smoothing K+ 1709 S ~7F & i, smoothing parameter a(0< a
<Dell diste] e Aetolgtar &l FH2E a® AYSHL, YA &
HPre Ei A3k soft label& &gt K = 191 o] &A= hard
labeling® #E [1 0lo] Wit [a (1—a)]Z ZQF3A S, g A
olgtal d#HE FY 29 softmax =% #S St & wf binary cross

entropy loss& #-g&3s}A4 ¥,

}_

o o

L = —(alog(S)+ (1 —a)log(1 =35)) (6)
& g5kl ¥k Hard labeling® 4% (1—a) 7F 0 9 @& 7FAA
= wbdol] e Ago] ofpyThar A d Szl sk (1 -

a)log(1—S) ¢ BHAGES de=t) F =X EE label smoothing S
A-gate Aol labele] €3S FES A58 F AAY Jo= A=
olal| A AFEEHA frt AR, B Ao A= AE smoothing

parameterE Ao ¢ gt} o= Wl A HARE 5% PD-L1
7} perar & wl Wyl = bl patch® PD-L1

iy

A

ol

A
@ % lth T oolfi wore] o]y W), shtel ot Wwe 5o
B AL oo Ao ol7] Wi 22 HAle] Fx7F Wwe] 9

of we} t+E 4 Uth Patch®] PD-L1 25 AA3st7] 95t o]
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n n!
Ce = k! (n —k)! )
P(k) = Cip*(1—-p)" " ®
e AA nl T ke deke tiitel s A5-9 Folth pe JNE

AALR doizl PD-L1 $=x9 WEg= 4
o] 8} 31 ne patc e A s gt ov Ju
< A vt M2 v intensityE 7HAAl HER o|FEXZ 4853

ot} wrebA Zhzbe] ®Wo) o3 PD-L15°%] 9] smoothing parameter ai=,

> Py 9
k=1
P(k) (10)
k=(1/2)
P(K) (11
k=(1/2)+1

2 A3t} (9)& PD-L1 positive 5 7]°] W3l smoothing
parameter ©]3L (10),(11)2 Z+ZF patch W] HH e HA 7} &4 &

9 wjo] PD-L150% &5 7] thadt smoothing parameter©]t}.
2.2.2.2  Attention based deep multiple instance learning

Multiple instance learning(MIL)2] 7§ 3= bag¥ instance@}i= 7

- 16 -



do| ¥3rHEt). o]7]A instancedE AL AA| R FEIoF = AAE
ag> o9 instancef"/l Hstolt}. instance® ZFE~7F 2 7hQl
A= A#glo] Y3t 2% target instance, 128X ¢& FYAES
non-target instance@® Url:r‘:}. 1 %5 99 instanceEd HI =
<ol A target instance”’} ¥ ¥ bag¥ 12X ¥ bagd EFIE AE

ZAo g ety ol BF WS MILolgtx 3t [32].

o
sy
Q‘L
H

o

M-8 %249 machine learning =4S 233 o 27}
2 A" § e, B AFoA = deep learning 7]HFE]
do] A-&% AT Deep learning 71¥Ee] MIL ®d9] #4845 3714
T instance level feature extractor, MIL pooling, classifier 37}#]
T Atk o] W, WAl deep learning 7]¥He] BHF 2da} vl
i

o] zte]3& MIL pooling®] &4 o F-olt},

2 H oA instance level feature extractori= convolutional neural
network(CNN)& AF8-3tt}, CNN2 A|ZH4 o|u| A& A8t W 71 o
Wb og  ALgE=  Edolri[33]. CNNe feature extraction<
convolution layer®} pooling layer® A ¥t} Convolution layerol| A+
kernel®} 1= dlolE1 2] &4 (convolution)S 53l feature mapS F&3}
A #h Kernel? 948 dlo]EH <] convolutions 33t T3k Aol A <]

AH e olg et kernele] wAlo] 7] Wil convolutional kernelol] tf3}

o filtering®l &35 7FItH[34]. o] ], convolution kernel> 229 =
2 Zho] £AT oA 712 layer® WU ES d= A IdHAE T
3 At 49 deolHe A9t 2 A kernel® bR

feature map® WF7F Zolx| A a1, o] wl feature map? NFE
channel 4=2}a1 3t} Pooling layers= feature mapolA 39 #FHES
Uz 23gdteE A4S 93ttt} Pooling layerE 71 X|W feature mape] =
7= ZrobA| Al At ol g HAHS S 12 WY YPEjE feature map
o] A A ¥ o]= deep learning featurezbil dn, H Ao M= o]

27 JA % feature map©| instance level feature’} ®t}. o= A dA =

off
2
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instance level featureE-< MIL pooling 345 =3l bag level feature”}
T 11, bag level featurex= fully connected layer(FCN)E E3sbdA PD-
L1 Xel mE class® w77F H A ®r}. o]2)dk FCNeo] &2 R eof A9

classifier 92 3lt}.

dukH el CNN 7/ Zd9& feature extraction¥} classification ¥4 S
AWM A instance leveldl A 57/ S A Hu}l x| RE E 2 dof A
= bag level classification®] Z-Zo]™ 2 instance level feature= bag
level feature® & %38t Aol Hasit. ol#st 93ks st 7}yl
MIL pooling®]t}. MIL pooling layer permutation invariance =S ¥
=3 oF gt} Permutation invariance= 138 #E o] A7} nlyoj= AX
7F WA gkv e 548 @eth[35]. Permutation invariance %

X

£ v} permutation matrix Poll thste] 4= HlE

[‘E:—‘ 2

rlo
RS
B
lo
o
2l
il

rr

fPXPT) = f(X) (12)

B md o]Ho]| deep learning 7|¥F MIL R 2o+ instance-level
approach®} embedding-level approach?} <1t}. Instance level

approachi= ®.2 9] instance level feature® ¥HF% 3+ & MIL poolings

A5k wWyolth o] WHel AHe MIL 2™ YA bag level
classification®] 93FS + instance’} F91¢1# &<lalr] golsirt=
Aol AAIwH AlFo] "HojXth= wdo] ATk, Embedding  level
approachi= Z}7}9] feature map V}t}2] instance level feature? 9l
MIL poolings #-8&38t= Zleltt. o] 4% instance level approachell H|&t
5o ZEgkor}t oW instance’} L QIS FUEAE el S
= o] gtk o8 d F kA Ao e AE Bk fete 1
F HW¥o] MIL pooling®l attention mechanismS 24-83F attention
based deep multiple instance learning®©]tH[36]. bagt¢] k¥H A instance
9] Attention weightt ts3} o] Ho]Ht)
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WTtanﬁ(V/EZ)

ai =

(13)

M1 WTtan/Z(V/E]T.)

Instance level feature vectord] ZAo]7} L ¢ uf, N& instance® 7R,

/Ej—t— i WA instance level feature®E 9|v|slH weo} V= Z}z 249

parameter® (Lx1), (LxN)¢9 =A7]E 7FAx2 Ut} Yot o] AHo=
attention weight¥ instance level feature®] Zkoll wa} AHoym =
permutation invariance® WE3alH, Z47be] instancedl wel FolFE=
MIL ZEe] o instance® = W 7FSAE /4 39d=AE U
T AUtk

2.3 H7F R

oAl mEe) gl o R Rud] BFAT A13E% radiomics
wd 9] feature importance, MIL =@ 9] patch attention mapg AH&3}A

ot

mde] &7 Ae Axole= A AZ ROC 7B 2 WA AUCTH
Stk ROC AR g 7719 &9 ellM Azl Fefxs Foz &3}
= 93 #E 24shEA vEde A8 EA-5olm)d NI EMNHE)
°f #AE veh= 2Efzelrh ol EFV|OIBE X UiF VES
717t PD-L1 447 PD-L1 % 50%°]< 722 3t 7} #577]e
=9 Ay 2714 Sz dig softmax o] AWgto= A o u] 7]
wFoll T [0,11& 7tk

BEF717F 449 9x g2 ROC L= Aol A (0,18 H&

A (0,DellA o] A grolth. FA] Fho] 9] Hujid we B
SR BFIERZ ROC ABE (0,009 99X gho] w99 HALzd
T BT SHeR EFSERE ROC ABe (1,D)E zZteth 94 gho] 7
AotAA AGPET A8 EC] A T ROC AXE vy = x
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ol EASA Hm, oleld BFHV= oJWe A g A% HolEE
Az £FE & oA ek o] © ROC AR WA Zo] grf. o4

o] 771 ROC AEBEZF (0,1)S AYA Ha &2
o) Fo] 1o]m& ROC 2= o] WHo] 10]®t}. = ROC AR WA o
_"‘l_‘

2 BR79 A% A el F e 1o ess 2R 4wl
3 o] AReSE A% BRE T F gtk lng g Aol 0o

7WVhE5E R E 2738 "k ROC AR el HAo B/ 45

X ZkS optimal operating point il dFCH[37].

E JSA T A E=EZA Accuracy, sensitivity, positive predict

alue(PPV), negative predict value(NPV), specificityES A}-&3}5 T}
Zy7kel A7t AneES e g2 E5dddd tisty

True positive(TP)  False positive(FP)
False negative(FN) True negative(TN)

| ~ TP + TN
Ay = TP Y FP+FN+TN
S itivit = P
ensitvity = TP+—FN
ppy = 0
"~ TP+ FP
Npy = N
" TN +FN
soocificity = TN
pecificity = N TN

- 20 -



2 Aoy Accuracys= AA doly FT EF7|7F wWE dolH,
sensitivity =3¢l Hloly T EF7]7F @ dlol¥], PPV F7|7F #

o8 e dHeoly & AY 3 HelHE 94‘3]3}31 NPV= &7717F

F AR radiomics EEoA FT Q23 featureE sty 5]
feature importanceS ©]-83}1t}. Feature importance®, A ]
2d F featureE°l gk 7tXE X3 & ¢ e EAEA
g ¢ ew ou feature’t 7 & FFEHE 7H=AE Y

Aot

i 1%k
J8 oy

=
of
O

A A2 MIL 2de] AsH7ME 98] patch attention map= Ab

£33tk Attention mapolgh RHllo] oJHl A& F2 VAR TSl
FeAE ok Al Aol B AollA AREE  attention
based deep multiple instance learning< instance level featureol 4]
bag level feature® aggregation %+= HAol| A z}z+o] 752 &5 AAbst
T A He=d, olgEA ALk FA7F Z4H2Ee] instance®] 7 A ZA]
rdEY, 2 A4 instancet™ ZFZFe] patche o|v|stE=, A4

7VEXE Eale] 3D RAgS B3 A|Ztslalglit).
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A 3 A3

ol FolXi= PD-L1 2z PD-L1 & EHF7EY d5F Aoy
radiomics =2 9] feature importance®} MIL X =19] patch attention map
< AR g

3.1 d5 4%

PD-L1 positive classification
10

as
as

o4

True Positive Rate

o2

Ll

‘?A;ie instance Learrang {area = 0 76)
- AHadiomics moded (Logistic Regression) (area = 0.81)
oo MIL ML (asea = 081}

ao a2 o4 a6 aBe 10
False Positive Rate

10

T
] H -
______ e | #
T L
B
it -—-I ’,
o : #
g L
06
E — __! /”
8 P
2 04 -
z P
L= rd

| ’
024 M;uqfe Instance Leaming (anea = 0 88)
= Badiomics model (XGBoost) (area = 0.73)

oo——F" MIL+ML (arca = 0.93)

o0 oz 04 o6 a8 10
False Positive Rate

(b) PD-L1 4% 50% #57] ROC # E

7% 1 PD-L1 #7F7] ROC #AHE
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g% 12 PD-L1 94 #F/7I¢ PD-L1 +3# 50%%F71¢] ROC #
Ho|t}, PD-L1 ¥4 ®F7I¢ PD-L1 50% #7F7] =5 MIL =93}
radiomics 22| softmax =% #& HTAS ol AUC #tol 71 =2
t}. PD-L1 %A E5F7]o A= radiomics Edo] MIL E2Hth AUCYE =
ket

Accuracy Sensitivity PPV NPV  Specificity

MIL model 0.77 0.63 0.86 0.72 0,9
Radiomics
0.72 0.52 0.83 0.67 0.9
model
MIL +
o 0.82 0.74 0.88 0.78 0.9
Radiomics

(a) PD-L1 ¥4 77 d=5 A

Accuracy Sensitivity PPV NPV Specificity

MIL model 0.85 0.875 0.58 0.96 0.84
Radiomics
0.79 0.50 0.5 0.87 0.87
model
MIL +
o 0.87 1.00 0.62 1.00 0.84
Radiomics

(b) PD-L1 4% 50% 25F7] 4= A%
¥ 3PD-L1 /7] d= A%

3 312 E7719 dF dss Vet PD-L1 4 771
AUCE MIL 22Xt} radiomics A EAAT T2 oF 3

o
7}

MIL =do] =gkom MIL 223 radiomics 22 HANS ) 713
A

rr

=94tk PD-L1 434 50% ©]’de] RE A& specificityE AlQstais &
= AsH7 X3E7F MIL 29o] radiomics EEH T =gkow MIL 24
¥ radiomics ¥ Ho = © 7HF =Sk
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Features

3.2 Feature importance

Feature Importance Plot

small area emphasis(GLSZM)

Small area high grey level emphasis(GLSZM) -

@ s

3 Small area low grey level emphasis(GLSZM) -

B

Small dependence emphasis(GLDM) -
Small dependence low grey level Emphasis(GLDM) L]
small dependence high grey level Emphasis(GLDM) °
Qo 02 04 os [+£.] 1.0 1.2 14

Variable Importance

(a) Machine learning PD-L1 %A #7F7]12] feature important

Feature Importance Plot

Small area high grey level emphasis(GLSZM) °
Small dependence low grey level Emphasis(GLDM) .
small dependence high grey level Emphasis(GLDM) .
Small area emphasis(GLSZM) -
Small dependence emphasis(GLDM) -
Small area low grey level emphasis(GLSZM) °
000 005 010 015 020 (.25 a0 03

Variable Importance
(b) Machine learning PD-1.1 %] 50% #3719 feature importance

19 2 Machine learning PD-L1 ¥ 7]¢] feature importance

a8 2% Z47H9] radiomics EEEo| W3t feature importanceE Y EF
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it} XGBoost €1 PD-L1 50% ¥F7]olA+= 75 7]dbol feature
importanceZ YEFW 1 Logistic regression 7] o
71l A= Al 719He] feature importanceS top 6 featureEol| Wale]

eheh,

3.3 Patch attention map

1% 3 Multiple instance learning 2 21¢] PD-1.1 432 &4¢1 W] rj
3} patch attention map (a), (c) PD-L1 %A £77]9] patch attention
map (b), (d) PD-L1 50% %] #5F7]¢] patch attention map
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1% 4 Multiple instance learning 299 PD-L1 1%¢1 o] o3t
patch attention map (a), (c) PD-L1 %A EF7]9 patch attention map
(b), (d) PD-L1 50% <% #%F7]9] patch attention map
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Z1¥) 5 Multiple instance learning =21¢] PD-L1 90%<%! ¥ @l ojsk
patch attention map (a),(c) PD-L1 %4 #37F7]9] patch attention map
(b), (d) PD-L1 50% <= &%/ 7]9] patch attention map

a9 3% 5+ 722 PD-L1 &4, PD-L1 %] 1%, PD-L1 4 90%
o1 W] t]ale] patch attention mapS Q& HolEH <} AAA =819
t}. Patch attention map< MIL R 2o A attention weightE5S Z}7}2] H
Holl th3te] min-max® normalizedt § 7} patchE°] 7FA= &<l

A58 N7ske Aol



A 4 & 1F

# 42 A8 AFEH 2 ATY dHeolE AE ® As Hlaolt
Changdi wang & A+3[12]& 11357H9] dolEl 2 PD-L1 4% o=9
G FH 50% EFoNA ofF =& AUCE €At} Panwen Tian ¢ <
TZ[13] 9397119 w2 dlole= Aol FH el tisted AUCO0.76& <
Atk Heold #etvts 7HA AL ATy el # dAgteks dHoly AE
A4 7 2okal 2 4= gl Ying zhu 9 A7[14]& 127709 A&
o] dle]ElZ 0.78 % 0.779] thx o & Ao AUC

r o
-
ﬂ
il
ne
3Q
o =

Hop g "oz om oy %3001 oA A AE &%

Qing wen ¢ A7I[15]2 T3¢k T49] WWT A&l AL HolH

20798 Ui w2 FAE Aoy B A AR tha "oy

Th. Zekun Jiang ¢ 47°X[16]12 #2 9] Hlo|H® PD-L1 ¥4 5

o 4 0.858F= =2 A& 92Tt Qing wen 7% 2 Zekun Jinag
o, =i o o 3 e}

T3 PD-L1 44 9 342 dolge disiAs £

-
9,
gl
M
<
ot
o)

1
gshA Eskrh thE AdFE3 vluE|A PD-L1
A aeS 7H WRE A 7F Bkl Stefano Bracei 9 A7%[17

o] &3} PD-L1 4% 50%° 1 S E
A
o

TolM AU &
Holgleh ¥ ATl M= PD-LI #il 50% ©°l’¢<1 %‘tﬂ%oﬂ N 2iE
dlole] =t do] Ae dolg AEEZ 7L & EFAdsE 7 277
g a3} PD-L1 4 ®H FdES EFske ERclME 3EE
2 27 Aes W



% adjuvant therapy4 neo adjuvant therapyS kS uf o 57} =
AE agsti4] o] 7hest x5 gis A= onrt 9l

w A7elA PD-L1 44 &57F71¢] AUCS PD-L1 <3 50% % &
F719] EolmZE A9letax MIL 7]¥F ®eo] Radiomics 7]%¥F 2@l ® T}
o & Aol & vkt E3 MILY Radiomics 229 softmax #te] 3

© 7 aggregation® MIL + Radiomics ®2o] PD-L1 432 50% ©]4<]
5 AQdsta BE AFAdwel /Mg FSkth PD-L1 A 50%9]
radiomics 7|¥F & Holy Edol] tigh BAgo] A7 wjFo] Fo]
T w8 AL dFY e ydgor B £k S %ot o7]4 MIL
+ Radiomics E 2] softmax #ke] Hito] zHzte] E/R7IEHT %50l
o= A 9ouje MIL 2do] # #/3shA g W Radiomics X
do] 2 FFetA gk WHEdd diste] s Bl ma3E A Q)
g ZJE Ygu|gth. olE #A43h7] #18ke] Radiomics EE9] feature
importanceE =93] H+=d] GLDM % GLSZM 3 Hol A2 small area
o] FAE& TR feature® I ERVIECIUTE Ao WA
o] MIL 229 feature extraction ¥AoNA &£4E 4= = vpz oF
g g9l @el Aoyt 54 wWW=e] PD-L1
g AEE JHAA dRve Ae orlsi, of2dk 54 o] CNN 7]gh
feature® St5¥ EHI 4o Bt o= Ao TG FFS 7

oo weloh,

Aol E ¥y A7lE Axteiith BMRe A7 T4 A7t
275 EudAde] wua guA Jdon GAddA BEadds ThEE o
At = 840tk [38]. F# HlolE MEC ¥HELS HAE HOlE AE
°of WHERY 2 HAE AW, HF] WwWe F7] we o] Av
PD-L19] QIF= ®wWe| A7|e Aatdel gt Baud A+7F JHH[39]
ofo] MEH I A RAEL W] B A tiste] o=t Al
dolg 2 Fdstgioy PD-L1S & dSdvta siAs 5 ot

a8 38 PD-L1 €49 ¥Wwyo=w HAE Holg = F {77 A%



negative F# A2 o =3 WWHoltl 18 3.4% PD-L1 3% 1%< #HWH
o % PD-L1 ¥4 /7| ¢ o= PD-L1 50% #F7|= 50% ©|st=
Tt Wioln a7l 3.5% PD-L1 43 90%<! ®WWel tiste F+ 24
E5% positive FH Az EF3 ot Z+7o] patch attention mapS
Uelyith, a9 3.39) A9 F 2do|x ®BF H]Z3 attention weight9)
w32 7HaL, ¥ 3.4 PD-L1 4 &7717F PD-L1 3 50% &+

= 7bdoew a9 3.5% I W
9] attention weightE 7SS ¢ < 2t} Patch attention map©]
attention weight®] 44 #xX & Yepdth= 3 MIL 2 do] A bag
Woll A dltel instance®t target classol EslE o g BFEALT AA
HAaos de 2ddud e 22 dHs @ 5 o

7ol Wl8] FiF ¥ attention weight=

94, attention weight”} 19 7}7}% patchE9 feature £°] %<& 7F%
Az MIL 9o ERdel f=dn. 29 3.59 PD-L1 3 90%°] 3
o tigte] (a),(c)v= 7FEA7F ¥2 patch7t B /) §l&ol® PD-L1 &
Ao FFEA, 19 3.49 PD-L1 7 1% ¥Rl diste] (a),(c)
+ AA patchE2 ZiF =2 7FA2 #ddste] PD-L1 YAHo=2 &7
HAvhs A& PD-L1 A7k 90%°l 77 patchEs X3+ Ww 3} PD-
L1 =A7F 1% 7H7k¢ patchEollA E4 = weight®] zbeo]7b EAjgt)
As ugit. 1 oolfr= A (13)ellA HA W ARE X1
WE] Vol o]a] 7} patch®] attention weight”7} F-o] & Al ¥ 7] uwfjo]
wak 23 59 (b), (e 29 3.49] (b), (d)oA4]2] attention weight 3
7 zZkel7b QhaL o] Afol7p Y 4ef 59 (a), (c)oll Aol Afelet thErhe
Mo Z4zbe]l BHI|7F Fel ZFeas 8538 patchSolA] 2ol AdeS
siiEdnta & & ok mpAmer a9 39 (09 (DE EW
attention weight®] X7} FARHS & 4 =, ol AHA 22
PD-L1 84S A< a9 Wwlo] AW WE patchol A PD-L1 S4o]a}
= 7pde] Folgbd PD-L1 £4<l patchE PD-L1 A7k 44<
patchE¥ THY= 44 54 SA%s IS 5+ U= 57471 2

o 54920 patchE2 PD-L1 ¢4 #7719 PD-L1 3 50% W/~
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Abstract

Development and Performance Evaluation of classifiers
through Non—-invasive method to classify PD-L1 expression
level using machine learning in Non—-Small Cell Lung Cancer

Jang, Byoung Han
Dept. of Integrative Medicine
The Graduate School

Yonsei University

Programmed cell death ligand 1 (PD-L1) is a transmembrane protein that
combines with Programmed cell death 1 (PD-1) of T cells to determine
the cells as normal cells. However, some cancer cells express such PD-
L1 so that T cells judge the cancer cells as normal cells. Due to the use
of immune checkpoint inhibitors using the mechanism of PD-L1,
research using PD-L1 as a biomarker has recently been actively
conducted and has been in the spotlight in chemotherapy. A biopsy is
used to determine PD-L1 levels, but in the case of a biopsy, it cannot be
applied to all patients because it i1s an invasive method. Because of that,

it 1s important to determine PD-L1 level using a non—invasive method.
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In this study, I propose a model for classifying PD-L1 levels using CT
images. I propose a binary classification model that classifies whether
PD-L1 is positive or negative, and a binary classification model that
classifies whether PD-L1 level above 50% or not. Since there are few
patients with PD-L1 levels above 50% of all patients in the early stages
of the lesion, multiple instance learning (MIL) technique was used to
make classification models with high classification performance even
with unbalanced datasets. Machine learning classifiers trained with
handcrafted radiomics features as radiomics model were used to extract
features from 3D images. The final models were defined as the average
of the softmax outputs of the MIL model and radiomics model for each
positive classifier and PD-L1 level 50% classifier. Finally, AUC 0.81 in
the PD-L1 positive classifier and AUC 0.93 in the PD-L1 level 50%
classifier were obtained.

In this study, patch attention map and feature importance were used
to interpret how each classifier classified PD-L1 level. MIL models
showed a difference in attention maps according to PD-L1 level, and it
was confirmed through feature importance that the radiomics classifier
also learned features that could supplement the performance of the MIL

models
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