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[ Abstract | The use of immune checkpoint inhibitor (ICI) has revolutionized the treatment among patients with various types
of tumors. However, only some patients can benefit from ICI. The identification of predictive markers of response to treatment in
patients is required, such as programmed death ligand-1 (PD-L1) and tumor mutation burden (TMB). Besides, there have been
numerous studies using sequence and radiomics data based on large populations to explore the factors related to the efficacy,
and to establish the prediction model. This kind of model has a rigorous establishment and validation process, can include more
tumor immune related variables, and is helpful to improve the prediction ability of the efficacy of ICI. This paper reviewed the
establishment of immunotherapy prediction models and provided new thoughts pertaining to screening the potential beneficiaries
from immunotherapy.
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Tab.1 Summary of ICI efficacy-related prediction models
Author Model type Sample size Data source Research description Validate
Bai, etal "' Statistical ~ NSCLC (n=316) Tumor tissue  Developed a gene mutation marker model to predict the Internal+external
model response of NSCLC patients to PD-1 inhibitor therapy
Chowell, et al [20) " Statistical NSCLC (n=538), Tumor tissue ~ Built a prognostic model based on genomics, clinical and Internal
model melanoma peripheral demographic characteristics to predict the survival of patients
(n=186), other blood receiving immunotherapy
(n=755)
Gu, etal 2" Statistical HCC (n=365) TCGA Established a five-gene-based prognostic model based on Internal+external
model the tumour immune microenvironment that can predict
immunotherapy efficacy in HCC patients
Dai, et al ' */ Statistical HCC (n=365) TCGA Constructed an immune related gene based prognostic index, External
model which can better predict the efficacy of immunotherapy for
HCC patients
Yi, et al (2] Statistical LUAD (n=497) TCGA Established a prognostic risk score model based on 17 immune  Internal+external
model related genes. Patients with low scores had a good prognosis
after immunotherapy
Hong, et al (24 Statistical Urothelial EGA Built a risk stratification system based on 4 genes to predict External
model carcinoma(n=348)  (EGAS#0000 the therapeutic response of ICIS in metastatic urothelial
1002556) carcinoma
Sun, et al - Statistical ~ Kidney renal clear TCGA Established a prognostic risk scoring model based on six genes  Internal+external
model cell carcinoma related to pyroptosis
(n=539)
Zhang, et al '**/ Statistical ~ LUAD (n=1549) TCGA Conducted a comprehensive costimulatory molecule landscape  Internal+external
model analysis of patients with LUAD and built a model for
prognosis and immunotherapy response prediction
Xiang, et al 27l Statistical GC (n=6) GEO Generate a prognostic risk score signature based on GC External

model

(GSE112302)

differentiation-related genes to predict overall survival
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Author Model type Sample size Data source Research description Validate
Leader, et al >/ Statistical NSCLC (n=27) Tumor tissue  Identified a cellular module called lung cancer activation model External
model which is correlated with NSCLC response to immunotherapy
Lu, etal '*! Statistical UCEC (n=488) TCGA Established a miRNA based diagnostic model and a prognostic Internal
model model that can predict the prognosis and therapeutic
responseof UCEC patients
Gao, etal "’ Statistical GC (n=397) TCGA Built a prognostic model based on nine autophagy related Internal
model IncRNA pairs for GC which can predict the efficacy of
immunotherapy and chemotherapy
Nabet, et al *' Statistical NSCLC (n=99) Peripheral Built two predictive models through circulating tumor DNA and  Internal+external
model blood peripheral CD8 T cell levels
Wei, et al | Statistical ~ NSCLC (n=30), Peripheral Built a model based on dynamic peripheral blood immune cell Internal
model RCC (n=22), other blood markers monitoring
(n=68)
Newell, etal '/ Statistical Melanoma (n=77)  Tumor tissue  Built a multivariable model combining the TMB and IFNg- Internal+external
model related gene expression and robustly predicts response to
immunotherapy
He, et al [34) Statistical NSCLC (n=327) CT Developed an individual non-invasive biomarker that could Internal
model distinguish high-TMB from low-TMB
Mu, etal ¥/ Statistical ~NSCLC (n=697)  18F-FDG PET/ Identified an effective and stable deeply learned score to Internal+external
model CT measure PD-L1 expression status non-invasively
Trebesch, et al 360 Statistical NSCLC Contrast- Provide a predictive machine learning model that could be used Internal+external
model (n=123), enhanced CT within the context of lesion response to treatment, patient
melanoma treatment response, and response pattern characterization
(n=80)
Liu, et al [37] Statistical NSCLC CT Built a novel CT-based radiomics model that has the ability to Internal
model (n=46) predict the progression probability for patients with advanced
NSCLC receiving nivolumab therapy
Vaidya, et al L8] Statistical NSCLC CT Developed a radiomic model using the integration of Internal+external
model (n=109) intratumoral and novel peritumoral texture and vessel
tortuosity metrics
Yang, et al (] Statistical NSCLC CT Offer a model which use multidimensional serial information Internal
model (n=200) with inputs from pretreatment clinical data, laboratory tests,
and radiomics combined with deep learning
Yang, et al L4o] Statistical NSCLC CT Established a radiomics model by combining CT image features Internal
model (n=149) and clinicopathological factors to predict the prognosis of
immunotherapy
Dercle, et al "/ Statistical Melanoma (n=575) CT Offer a prognostic model based on CT images at baseline and Internal
model on first follow-up
Nardone, etal '’ Statistical NSCLC CT Built a model based on texture analysis to select NSCLC External
model (n=59) patients who may benefit by Nivolumab treatment
Hinata, et al L4 Statistical GC Tumor tissue  Constructed a deep learning model based on tumor Internal+external
model (n=408) histopathological images to effectively stratify GC patients

Butner, et al [ Mathe
matical
model

receiving immunotherapy

Present a mechanistic mathematical model of ICIs therapy to
address the oncological need for early, broadly applicable
readouts of patient response to immunotherapy

NSCLC: Non-small cell lung cancer; HCC: hepatocellular carcinoma; LUAD: Lung adenocarcinoma; GC: Gastric cancer; RCC: Renal cell
carcinoma; UCEC: Uterine Corpus Endometrial Carcinoma; TCGA: The Cancer Genome Atlas; EGA: European Genome-Phenome Archive; GEO:
Gene Expression Omnibus; CT: Computed tomography; PET/CT: Positron emission tomography and computed tomography.
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B, DATRBE ) o, RSB M 284 it
BHUK)Z 1% (computed tomography, CT) ¥
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Fig. 1 Overview of statistical models for predicting the efficacy of

ICI

1.1 ATRAREMEER., F—mFRLHF
A

WEgE D WK, AT R LR PR T 25 6 &
HERNTY% ~27%, 4k KM 250 kA % 5 ik
20% ~44% . H st L F B2 ] RE 2 T EUMIR
PURGRRETEA . THIREFES | R RO BT 1]
Hl4, ST PR 0 ISR B 4
FEFZIR A DR (5 5, SR E YRR T
Bz —.
111 FETREPR 2 2 S S A 2 A DG B

Bai% " I3 1645 G e AT Al A
fdfifiE ( non-small cell lung cancer, NSCLC)
BH HIDNAM PR, T eI 7 —A> 8 I
( TP53. KRAS. STK11. EGFR. PTPRD .
KMT2C ., SMADAFHGF ) 2H W3R 28 28 frid
( genomic mutation signature, GMS ) XU iTF47
AL, JFARIEGMSTE 3 H [ E  AEGMS (F
J3>0.565) HAHAMEGMS (IF43r<0.565) 4.
R EIR, SMGMSY B AEMIL, BmGMS4
BEABER AT EAEAFAW (progression-free
survival, PFS) [ 6.631H vs 2.5010H, K
( hazard ratio, HR ) =0.41, P<<0.000 1 ] i

AW (overall survival, OS) ( AR3L%| vs 13.00
AH, HR=0.53, P=0.027 5) , X—KMIENHR
Y9k A S AR g BA S I AR BIRIE ST, VR it
— AR B, GMSTF43 5 PD-L1K K & fg i
— BN PD- VIR B e . AR
PRV 7 A I DA S FH Al B il 1.

ST A T M DE A R i 2 A R AE
Chowell % "2 FERFSE 40 A1 6 [ g i 2 741
R (n=1479) , fFENSCLC. BRI .
Jramise . FLIRIESE, B4 TTMB, MSI, #01
AR 55380 (fraction of copy number alteration,
FCNA ) S LI F A 22500, IF45 5 IRy
TE XN A g it 5ds , T REEIR YT IR IR
N TR [ 2 T A (area under curve,
AUC) >0.80 ] . IZBARIEAR [l JS AL vh 34 3%
MRAF, ARE G

B B 151 b 988 1 66 BRI 4 2 i oS A, X L3
[N 2R IR RRAE S 47 40 At 2 AR 22 A 5% 1 R A
Dai% ' Gus 2 myigs P A HTCGA
BOW e, AR UM I S 95 A OG B [R 3R GR RRAE
A AL HE G0 YT BOR BB . Hong % 1)
W T MR s E A N, B T T4
FhIER ( TKTL1, JMJD6 ., IRS2 ., ANXA2) HY
KBS Ar 2 Z S8, ] DL 1A i g i ke 4 oA
B3 ok T &% A PR PR B T R g BB B IR T RO
(AUC=0.71) . SAHRFFE > it H o Fh 4n i 45
TR ORI PR I S RS P4 2R 48, TESEAS [R] XU
NBER I e s IR T A R E 5, SRS
IR E X ICTH BRI (AUC=0.728) , %k
TmRNAKIE, MEESE P 58 A8 Bl SR E 12 151 R
T T RO T 2] R AT A 3L AT, IR
AIATMERS o AH AR TR (18 s 2 i R A R —
T I i 15+ A 11 356 BT ] 52 1 TC T 7 A8 9 £
WHLIA Rk — 20 SC 0 ik

Zhang%§ >0 Xof i B £ ok I B7-CD28
B IRFEIR F (tumor necrosis factor, TNF )
FIWE AT AT, Wb T —A 3
F5FILK (CD40LG . TNFRSF6B ., TNFSF13,
TNFRSF13CHITNFRSF19 ) HIHI 4y 731k
%4 ( costimulatory molecule-based signature,

CMS) , S KIS R4, 2588, &
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XUB2H (19 OS i 5 AIL TR XU 241 ( HR=2.043 5,
P<<0.000 1) o IZWFFEASEX I 8 P47 i
A SRS T, A BT 2R
T 1) SRPETR YT R

AR, AR AR Y R AR AN S, R
4 (single cell RNA-sequence, scRNA-
seq ) I LSS BN [R] 0 40 if 25 0 5 HE 3 08 1y
o DCBALZJ 2 T BR8P PN 5 g
] A S Bk . Xiang 1270 Wi AR B 00 SR bR 4
AUFEAR ) scRNA-seq B, R I8 E mai e -tk
WA E T 3RS R AR S RO A R, L
O HE /T SACHZEELA G, R I 5 sk A
A, WA SR G A G, H Ity
7T A A G LN ( gastric cancer
differentiation-related gene, GDRG ) A XU P45
R fe T i 25 452 eV T R W AE AR 0 . Ut
Sb, AEELGREIES; . A . TNMAHIFING
HHI O PR 25 A 4 4 R T A, A S
BE OSSR T —Fh T AL I s o

FE— TGV KNS CLC 11 B 20 B i 2 L3S
FeH, Leader "2 SR g S e MR BE AT
PRI e 2 i R A R A8 4k, A58 (8 i scRNA-
seq. sl S5 AMIFALIT . TN Z A0y
A3HT T 35 B INSCLCHEAE Y361 92944
L, A EE T A2 A A 1k R R ) B i s e S5 S
scRNAKE ., WFos &8, OGS AITHNM . fEek
#H G (immunoglobulin G, IgG) + 34 A
MoM ® - 1T 4 Jitd 55 55 fili 46 1) & A5 A AR = i A G
PE, VEH B AR Il s A8 (lung cancer
activation module, LCAM ) , 3157 TLCAMPE
SR, MRYEZIT AL B 42, mLCAM
Wiy (LCAMEI25% ) 18 RE NSty 7 Hh ik
HEKMPFS (734 H vs 2.7 H, HR=0.58) ,
$ER LCAM A BE 2 S W S e O Rk Y — 4>
AIAEFR R
1.1.2 B TR LA B

W o3 AT e 5 DR 21 R o s A AR A, 0
10 S R LA e i Sy 3 v A HE A
o FOWEAEIRFE 3 TR RN 7 91 el 2% Fr B A
RIEAKFAELL, BIEDNAR AL HE B
Wi, Yet R ARG RNAT 4 0L R0

AL PR A IR S SO A rh A HE A AR
F. Lu%e 27 INTCGARH i b 31T P
HH I TMB 2 miRNA Z A A R0, B s
N TMBZHFIRTMBAL, -0 i 4 95 24 7] 22 5%
KX mMIRNA, FE AT miRNA Y KU DT 7345
B ZIFIT BERE R b S 8 E U TMB K-, JF:
B HRICIRAT S (AUC=0.911) o AR
TETMBRYSEERN [ i R Mt L2228 i, AR
PO UERE , H B2 XX 2e G A DG AU miIRNA I
[ BrRg S TR P R — 2D

IR SR T AR v S B A ML I PR TR Ry
SUEREEIE9ASRNA (long non-coding RNA,
IncRNA ) I F 1 R A MiRIE , dsg e g i
I E TS . LncRNA T HIE A Al 1 22 Ff
FRASYE T A0 A L DT 0 R R R
J&. L1040, BTSN H A A IncRNA
VE RGBS T A AR ST TIRAIRR, JHIE
iR RSP )i ON 191 B SONIRA E¥ IR S i 11 TIN5
20 EJL 306 45 B A )2 AT DI G . Gao%
MTCGAKE e R4 B3 754 B f L 2UM32 4 IE
WA R SRR AT b, WE T 5 H
IR IncRNA, FE45 G il RE R, #E— 2Dk
HEA USRS MERIncRNA, AEHIncRN AKX T
Sy PR WA (AUC=0.713) o KUEITE0540
FEIRIT B F RYOSEE ARG, 5 KU A& AH
e, AR B MO EL W4 i . 15 fkCD4™ T4
JL . AR SR A N . BT BE ) R
4f, AR A AR A T A SR BA S h A 71l
PRSI o
113 BETHNE MAEA A R

e £ O AP A Il P T REAE(ECtDNA | 36
MRE 4M M ( circulating tumor cell, CTC) . HiJ&
PrRaE PR F Y BT, X BETE bR AR % S W iR 1Y
KA, RIEARA L HAT, FAHSNE A D
AT T 4 77 v BB . Nabet%
MR 252 S BEIRIT HINSCLCEE (n=273) X
PD-L15RiA/KF- . FEFRCDS" T4 K ifl i TMBF:
RIFEAE T PERIT BRSNS TR (durable
immunotherapy response estimation by immune
profiling and ctDNA-pre-treatment, DIREct-
Pre) , fiDIREct-Preif i) & SR >
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A HEKMPFS (HR=2.66, P=0.012) . It4h, fE
H AR A ctDNAJKF-, JF7EDIREct-
Pref LAl b XPRIRI AT T ootk , M8 T 5 TR
I7 1 S A YT I 1 ct DN AZK S R A1 i 1 C DS
TZH LK IFEAL Y ( durable immunotherapy
response estimation by immune profiling and
ctDNA-on-treatment, DIREct-On) , JFUEMH T
DIREct-OnB AL T 50 7 Ht A ct DN A A7 13
[ A EE 224580 (net reclassification index,
NRI) =-1.13, P<0.01] .

TE 53— TS TF S0 MEEA BB gE 2, A
BWSEZFE R AR E (n=120 ) FEL R 1K
BIT VAR AN R AR A, SEECAM A i B> A2 4
i ( peripheral blood mononuclear cell, PBMC )
HEAT I 2 A0 L S e T A A, S T A Il A
JEANfiFR2s (peripheral blood immune cells-based
signature, BICS) . KM surv-cutpointpR%CEf &
HEATAR4, EBICSZH L E X ICHAYT SOV 5 2%
OSW i (HR=4.21, P<<0.001) . M4k, fE#FiL
Fay gt T 3 A0 R I G E A AR A B ML A
SVM-RFE/J3 26 #5 B A ok Tl £ 35 1) e PR AR 45
PRI B TR R TE A RAE S A rh RIS o

b IR TR A B R G T X i JeE ZH SUORE AT
BIRAE, 5 TECsishS W, JE2eit— L AErt
A RSN AT T 2 PRI . [R)isAT L%
JEGN AT Z2 ] PAAMJE 1 A AR E 5 e i A
R RGBT, il PRIk & E
CTC. #HMIA135.

1.1.4  ZHFH

DL BRI R 2 o B 2 i Joip
PRI ZH 3 S22 i 20 S0 N 53 )2 TR ASZ A T e
RREIRIT R A E Y 2 R, B IR IR
B, BRI AN G EEA R,
M ZT, ZHEA B A2mE . 2480 .
RGPS, NewellZs V3G T 7740145 32 4t
PD-13A Y7 19 I 191 Bz Jok B8 €5 22008 S8 25 s 2L 4L
SHERA] . SRl IR AR I A G s A iR
TG O, 8 m Sk L e A i, AR A
HETHRH Ty T ZE (interferon-y, IFNy) HITMB
AR T R TN 8 ( AUC=0.84)
MR VE5r vl BB R A (W4 >0.5)

AR A (W41 <0.5) , XA BIPFS
(P<0.000 1) }OS (P=0.001 8) ZFH{%
TH R S AR LU i (ARG 32 T30 #e 3 3
SRR (R N89% ) |, (HFESFEERAE, [
53%, X A] e AR BT 25 B A AR S Bk
Ko
2 BuERKAZF
Xl

AR R — PRSI R AN . AT EE MR
P FE R B 2 EUR P 3R U 75 B T %
PAESR, AR RRCTH F-FDGIF LT %
B EAUAZHAZ (positron emission tomography
and computed tomography, PET/CT ) 315415 4F
MERYIm IR I3, R SR 2H “F R ik 5 e i
PEIRT T I B LA &b, ks BT ey
ORI M A1 S

He%s 1 L4 T327INSCLC B % IICT
SARBAE A TMBEURE , IR, 1240
1 02052 R A ARk X 73 i TMB AR TMB
B, IR FH X SERRAE EE 57 TM B 4 A= P bs
=W ( TMB radiomic biomarker, TMBRB ) ,
P SC B MR B0 P A% . TMBRBW] LA i T4
TR, JRA & . AR Hi ¥ I INSCLC
BE A, ARRURS 2 B KU A E K A0S
(301 d vs 533 d, HR=0.54, P=0.030) . it
KL, MuZE U T Ok 3L 69761
NSCLCH# & '"*F-FDG PET/CT K% Flilfi K %k
i, #S7 TPD-LIREE2% 245 (deep learning
score, DLS) R[a[ 4z UMy 2k, 45 REH],
PD-L1 DLSYEPD-L1FH M F1 M 8 2 6] 1) 22
SHEG#E L (AUC=0.82, P<0.05) ,
HAEFWMPFSFIOS /i M, DLSYfyeHL k%
( immunohistochemistry, IHC ) & JPD-L17K
A 225, FKWPD-L1 DLSE A B{RIHC
R R 0 A A SR IR YT I R 2K 45 . TMBRB
FIPD-L1 DLSHUR R [R]H FFE b5, (H 4R i
PR R () S50 RE ) S R AT AT o T AR 5245
AR 5 IR T ROR A AR AT A 1R it
—HIRR

il L AR NS CLC - 2R I B YA HRC T
A8, RG2S Rk 0 R B SAR 21 2= A

HiRE A NERF I kaE i
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AT PO S, AT LA R A AR R R
ﬁﬁmlgﬁﬁ,%;g [36-39, 42] N qu’ Trebeschi% [36] 7i
LA AR5 5 A R B 5 A S O A fe
JE FA 9 ek T BE X e i 1A Yy S B4, Nardone
s LR R I, Ak B R . SRR
M) B CE AR TG T 22, X EE AR AL = R iF 1T
e v el PRIE R 2B % . Yang
4 VO LE CTRAR IR L RN b 254 T I AR B2
A, HNT AN, R TR R

SRIMTAT XTI EABEA | Dercles " #2001, H
IR 1 SEAR A 27 B50HIm IFA BR Y s 00 28 7
TG, R R/ INI AR AR S YRR E 1R Y7 SR A
BIPEAL AL . PRI, XTEEPRIRCTH B E i kE Y
AL REAE R A A ST R A R . AR AE
G AR T 57 5061 6 30 7 € 232 8RR 1) I IR
P, IFIRBUE IR R AAG ST FA0T v e [ st [
MBICTHAR, R HPLAR 2 > BEALAR R DAL
GPEIRIT A0S, IR0 vk i 415 4 2278
e MR AERRA AR . iR ARE . iR 2 ]
SR R AR L . R SR A i
TEARAL . HRE T — U 2R, T LATETR
57 R PEAE AN AT UIBR i R 0 R E I OS. i
BRIZAIFRIN R (AUC=0.92) , JFH] T3t
2R R R VR B 5 B DL FLC T MG U0 M AR
SERFERTFHTIGIR, M2 s B2hinyr R A
TR R PR G T T . R A AR A
RETH B AR RS, SCPEE I ry44-
FROE TP A 3ANE F o — T X 45 B M 9 8 b
g U AR B AE, SRS TR R A T
BRIV T T A SRR A 2= R AIE

N TR BB RR N T I i 2#4h, dunf
P43 47 e Jed 4L 2 s B2 €144, HinataZs 4
Fo T 5T R 4 S Bl PR A TR 2 ) T
IR ( AUC=0.947 ) , FHLATRE X g in I il
S NHE o RETHELL U 225 R R B 2 A
BUE BRI, JUHR — o3 2R e
POTIE R4 HFERTCRE, A1 B T X g inyr
BEHITARTE
3 ETHIBENHMELFER

3 3ok T R X6 i 968 B g G PR R M e ) 5
HARE AL ARTFSE, PERR T RKEBHEEL

e, HRGEMEENITE, 880130
. B [FSahdisE . HOREEE AL
SR P TR AR OB, R RO
ML A TRUASFO g P A A IR S S S i 25 e AR N
A R, AT LA B AT IR AT At hfed iy
ML, BT Y .

Butner® " *! i i $e 7 VA R TICT TR
g 71 i i s B 28 A Y S st B, B T ax e
VIR Z M AR R, i TR 1R
MR CTRAR PR IR A K R, 3 TiX
BAE, FIEADR AR 40 R DubiE
RPERE . BERIT RIS, A
IR A AR B ey, AR 2R IR PN 42 37 S iR
I 10 e R M I 440 g B i s RB B O A5 R . iR
T BB A 458 Ay Y ff b A AR R8BS TC TG AN [R] g oz A
X, R R A . EARF bR (AR A AR
AR TTT CA Je B, (R IRNEE G
F AR T REEGIT I Z R AEY AL,
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