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Introduction
Gastrointestinal (GI) cancers, including esophageal, 
gastric, and colorectal cancers, are major causes of 
cancer-related deaths globally.1 Despite progress in 
surgery, chemotherapy, and radiotherapy, advanced 
GI cancers still have poor outcomes due to genetic 
complexity and tumor microenvironment (TME) 
heterogeneity,2,3 sparking increasing interest in 
immunotherapy as a novel treatment approach. 
Immunotherapy, particularly through immune 
checkpoint inhibitors (ICIs),4,5 has revolutionized 
the treatment landscape for these malignancies.6,7 
Nevertheless, variability in patient responses to 
immunotherapy underscores the urgent need for 
predictive biomarkers capable of identifying patients 
most likely to benefit from such treatments.8–10

Predictive biomarkers are now a key focus in GI 
oncology research.11,12 Key biomarkers have 
under investigated, including molecular genetic 
factors such as microsatellite instability (MSI) 
and mismatch repair deficiency (dMMR),13 pro-
tein expression levels such as programmed death 
1 (PD-1) and programmed death-ligand 1 (PD-
L1).14 In recent years, imaging-based biomarkers 
have gained significant attention.15–17 This review 
aims to integrate current research findings on pre-
dictive biomarkers for immunotherapy in GI 
tumors, assess their role in elucidating tumor–
immune interactions, emphasize their predictive 
potential and clinical application, and explore 
their potential in guiding individualized treatment 
strategies (Figure 1).
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TME and mechanisms of immunotherapy
The TME is a complex and dynamic ecosystem 
composed of cancer cells, immune cells, fibro-
blasts, stromal elements, and vascular compo-
nents,18,19 which play crucial roles in tumor 
progression and therapeutic response.20,21 
Immune cells, such as CD8+ cytotoxic T lym-
phocytes and natural killer (NK) cells, help elimi-
nate malignant cells. However, tumors can evade 
immune surveillance by recruiting regulatory T 
cells (Tregs) and myeloid-derived suppressor 
cells (MDSCs), fostering an immunosuppressive 
environment,22–24 and upregulating immune 
checkpoint molecules such as PD-1/PD-L1.25–27

Interaction between immune cells and the TME
The interaction between immune cells and the 
TME plays a pivotal role in determining the suc-
cess of immunotherapy.28,29 For instance, high 
densities of effector T cells, particularly CD8+ T 
cells, which can recognize and kill tumor cells, are 
often associated with a favorable prognosis and 
robust responses to ICIs.30,31 By contrast, the 
recruitment of Tregs and MDSCs, which sup-
press T-cell proliferation and activation, contrib-
utes to an immunosuppressive TME that 
promotes immune escape by tumor cells, often 
correlating with resistance to immunotherapy.32–34 

Understanding these interactions is critical  
for developing therapeutic strategies that can 
modulate the TME to enhance immunotherapy 
efficacy.

Mechanisms of immune escape
Tumors employ various mechanisms to evade 
immune detection and destruction, including (1) 
the upregulation of immune checkpoint mole-
cules (e.g., PD-1, PD-L1), which inhibit T-cell 
activation and proliferation27; (2) the secretion of 
immunosuppressive cytokines, which alter the 
phenotype of immune cells within the TME35,36; 
and (3) the induction of immune tolerance via the 
recruitment of immunosuppressive cells such as 
Tregs and MDSCs.37,38 Targeting these mecha-
nisms has become a primary focus of immuno-
therapeutic strategies, including the development 
of ICIs that block the inhibitory signals of the 
PD-1/PD-L1 and CTLA-4 pathways, thereby 
restoring T-cell activity and promoting antitumor 
responses.

As our understanding of the TME and its role in 
immune evasion grows, there is a rising interest in 
exploring molecular and histopathological bio-
markers for their potential to predict responses to 
immunotherapy in GI tumors.

Figure 1.  The main content of this review (By Figdraw).
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Novel immunotherapies
Beyond immune checkpoint blockade, novel 
immunotherapies such as CAR T-cell therapy, 
PI3K inhibitors (TQ-B3525), EZH2 inhibitors, 
anti-CD20/79B antibodies, and dual-targeting 
agents (e.g., CD20/CD3 bispecific antibodies) 
have shown efficacy in follicular lymphoma by 
remodeling the tumor microenvironment. 
Importantly, these therapies hold emerging 
potential for gastrointestinal cancers.39,40 
Immunomodulators like lenalidomide further 
expand therapeutic options by enhancing antitu-
mor immunity through cytokine regulation.

Future research should prioritize integrating novel 
agents (e.g., dual-targeting antibodies, CAR T 
cells) with conventional immunotherapies to over-
come resistance mechanisms. In EBV-associated 
tumors (e.g., cholangiocarcinoma), EBV-driven 
PD-L1 overexpression alters the immune micro-
environment, impacting checkpoint blockade. 
Strategies combining pembrolizumab/rituximab 
(effective in relapsed lymphoma) and CD79a/
CD79b co-targeting in B-cell malignancies may 
guide gastrointestinal cancer therapy.41–43

Molecular and histopathological biomarkers 
for predicting immunotherapy response in 
GI tumors
Multiple histopathological and molecular bio-
markers have been explored to predict the effi-
cacy of immunotherapy in GI tumors.44–47 This 
section categorizes these biomarkers and empha-
sizes their clinical relevance and potential 
applications.

Microsatellite instability and mismatch repair 
deficiency
MSI and dMMR are critical biomarkers for 
immunotherapy sensitivity, particularly in colo-
rectal cancer.48–50 MSI-High (MSI-H) and 
dMMR tumors generally exhibit a high muta-
tional burden, leading to increased neoantigen 
production, which enhances tumor visibility to 
the immune system. This makes MSI-H and 
dMMR tumors particularly suitable for immune 
checkpoint blockade (ICB) therapy.51,52

In clinical settings, MSI-H and dMMR statuses 
are typically determined via polymerase chain 
reaction or immunohistochemistry (IHC) meth-
ods.53 Numerous studies have demonstrated that 

MSI-H patients exhibit significantly higher 
response rates to PD-1 inhibitors compared to 
MSS patients.54–56 Consequently, the MSI and 
dMMR statuses are crucial in selecting GI cancer 
patients for ICI therapy.

Although MSI and dMMR are strong predictive 
factors in certain tumor types, such as colorectal 
cancer, their predictive value in other gastrointes-
tinal cancers may not be well-defined. In addi-
tion, testing heterogeneity and the need for 
standardized assessment also limit their broader 
clinical application.

TME and immune cell infiltration
The TME, which consists of cancer cells, immune 
cells, fibroblasts, and vascular elements, influ-
ences tumor response to therapy through its 
inherent heterogeneity and dynamic nature.18,19 
The infiltration pattern of various immune cells, 
particularly CD8+ T cells, Tregs, and MDSCs, 
is a key determinant of patient outcomes. High 
densities of CD8+ T cells are associated with 
favorable immunotherapy responses,57 while 
increased levels of Tregs and MDSCs often indi-
cate an immunosuppressive TME, leading to 
resistance to therapy.37,38

Research has shown that TME subtypes are cru-
cial in determining immunotherapy outcomes. 
For example, “hot” tumors, characterized by high 
infiltration of CD8+ T cells and other effector 
immune cells, are more likely to respond to ICIs, 
while “cold” tumors, lacking these effector cells, 
are typically resistant.58,59 Thus, evaluating TME 
status, including the density of CD8+ T cells and 
the distribution of suppressive cells, can serve as a 
powerful indicator of treatment efficacy.

Although TME and immune cell infiltration are 
promising areas of research, their clinical applica-
tion requires further standardization and valida-
tion. A more profound understanding of 
intratumoral and intertumoral heterogeneity is 
also needed, as this variability can lead to incon-
sistent predictions of treatment responses.

Tumor mutational burden
TMB, representing the total number of somatic 
mutations within a tumor genome, is a significant 
predictor of immunotherapy response.60,61 
Tumors with high TMB tend to produce more 
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neoantigens, which can be recognized by T cells, 
leading to a stronger antitumor immune response. 
High TMB has been associated with improved 
responses to ICIs and favorable prognoses in 
multiple solid tumors, including GI cancers.62,63

However, the clinical implementation of TMB as 
a biomarker remains challenging due to variations 
in TMB thresholds across different cancer types 
and inconsistencies in its predictive value.64 
Standardization of TMB assessment and the 
development of consensus guidelines are neces-
sary to fully realize its potential in clinical 
practice.

Although TMB has the potential to predict 
immunotherapy response, its clinical application 
remains limited by a lack of standardization and 
technical challenges in assessment.

PD-1 and PD-L1 expression
PD-1 and PD-L1 expression, assessed via IHC, 
are studied as immunotherapy biomarkers.65–67 
High PD-L1 expression is frequently associated 
with favorable responses to ICIs.68–71 However, 
the predictive role of PD-L1 in GI tumors remains 
controversial, not only due to the variability in its 
expression but also because of multiple factors, 
including TME, genetic heterogeneity, types of 
immunotherapy, and patient immune status. The 
comprehensive impact of these complex factors 
means that the predictive value of PD-L1 needs a 
more holistic assessment. Furthermore, PD-L1 
expression levels are often quantified using differ-
ent scoring systems (e.g., combined positive score 
and tumor proportion score), which increases the 
complexity of interpretation.72–74

PD-1 and PD-L1 expression have become key 
biomarkers in the field of immunotherapy, but 
they still face challenges in clinical practice. For 
example, accurate PD-L1 assessment often 
requires specialized techniques and expertise. In 
addition, the use of different scoring systems 
complicates the interpretation of PD-L1 staining 
results.

Tumor spatial heterogeneity
Tumor spatial heterogeneity (ITH) describes the 
diversity within a tumor across various regions in 
terms of genetics, immune cell composition, 
microenvironmental characteristics, and drug 

delivery.75 This heterogeneity influences tumor 
response to immunotherapy, as different areas 
may have varying mutational burdens, immune 
cell densities, and microenvironmental conditions, 
such as hypoxia and differences in nutrient supply 
(Figure 2). For example, areas with greater infil-
tration of CD8+ T cells may be more sensitive to 
ICIs, whereas hypoxic regions may be more 
immunosuppressive. In addition, vascular and 
stromal differences within the tumor can lead to 
uneven drug distribution, affecting treatment out-
comes.76–78 Therefore, understanding ITH is cru-
cial for developing personalized treatment 
strategies that target the specific characteristics of 
different tumor regions, which can improve the 
efficacy and selectivity of immunotherapy. 
Radiomics technology, through the extraction of 
imaging features (e.g., texture and density), can 
quantify this heterogeneity and provide insights 
into underlying genetic and immune patterns.79,80

Assessing ITH requires the use of advanced tech-
nologies, such as next-generation sequencing and 
multiparametric imaging, and standardized meth-
ods for evaluation. Moreover, the complexity of 
ITH data can be challenging to interpret. 
Continued research and technological advance-
ments are needed to overcome these challenges 
and fully realize the potential of ITH in clinical 
oncology.

Imaging technologies for predicting the 
immunotherapy response
Medical imaging is one of the key factors inform-
ing medical science. Its superiority lies in its abil-
ity to noninvasively assess the characteristics of 
human tissue and organs.81–83 Thus, it is routinely 
used in clinical practice for oncologic diagnosis as 
well as predicting immunotherapy responses in 
GI tumors.84–86 Computed tomography (CT) has 
the advantages of fast imaging speed and high 
spatial resolution of images (Figure 3). Magnetic 
resonance imaging (MRI) has a high resolution  
of soft tissue, to reflect tumor functional status 
and microenvironmental changes (Figure 4). 
Positron emission tomography-CT (PET-CT) 
employs metabolic tracers (e.g., 18F18F-FDG, 
68Ga68Ga-FAPI-04) to map tumor activity and 
immune cell infiltration by targeting glucose 
metabolism or fibroblast activation protein (FAP).

Recent advances in medical image acquisition and 
analysis have allowed for high-quality images with 
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isotropy to be obtained. These images contain not 
only general morphological information but also 
rich data. Radiomics has been recognized as an 
important imaging technology in oncology. It  
can convert CT images into high-throughput 

quantitative data, which can reflect intratumor 
heterogeneity and be associated with tumor 
molecular and immune profiles.87 Radiogenomics, 
the linkage of imaging features to gene expression, 
further enhances precision. Such integration 

Figure 2.  Schematic of tumor spatial heterogeneity (By Figdraw). Region A is enriched with CD8+ T cells and 
oxygenated, rendering it sensitive to ICIs. Region B is hypoxic and dominated by immunosuppressive cells 
(Tregs and MDSCs), leading to therapy resistance. Uneven vascular networks further contribute to inefficient 
drug delivery.
ICIs, immune checkpoint inhibitors; MDSC, myeloid-derived suppressor cell; Tregs, regulatory T cells.

Figure 3.  Male, 48-year-old, diagnosed with Gastric Mucosa-associated low-differentiated adenocarcinoma 
(immunohistochemistry results: pMMR, HER2 (0), PD-L1 22C3 (combined positive score < 1)). Compared to 
pre-treatment portal venous phase CT image (a), the range of the lesion has significantly decreased after three 
cycles of immunochemotherapy (b).
CT, computed tomography; PD-L1, programmed death-ligand 1, pMMR, mismatch repair proficient.
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bridges macroscopic imaging findings with micro-
scopic genetic alterations, enabling dynamic mon-
itoring of tumor evolution during therapy.88–90

Imaging characterization of the molecular and 
histological features
Advanced imaging techniques characterizing 
molecular genetics have opened new avenues for 
predicting the efficacy of immunotherapy in GI 
tumors.91 Table 1 encapsulates various studies 
utilizing imaging biomarkers to characterize the 
molecular genetics of GI tumors, underscoring 
their correlation with treatment response.85,92–107 
These studies highlight the potential of imaging to 
reflect underlying molecular-genetic traits such as 
the TME, MSI, TMB, and PD-L1 expression.

Jiang et al.92 developed a radiomics model using 
CT images to assess the TME in gastric cancer 
patients. The model achieved an AUC of 0.937 in 
the training cohort and 0.909 in the validation 

cohort, demonstrating its potential as a noninva-
sive predictor of TME composition. Similarly, 
Sun et al.93 established radiomic scores for lym-
phoid and myeloid contexts in gastric cancer, 
which correlated with IHC-derived immune con-
texts and were predictive of disease-free survival 
(DFS) and overall survival (OS). Huang et al.94 
demonstrated a correlation between a CT-based 
radiomic score and DFS and OS, achieving AUCs 
of 0.795 and 0.861, respectively. Collectively, 
these studies suggest that radiomics may effec-
tively capture a tumor’s immune profile, thereby 
enhancing treatment prediction for GI cancers.

Recently, researchers developed a “Radscore” 
model combining radiomics and clinical features 
to predict the MSI status in gastric cancer 
patients, achieving an AUC of 0.836 in the train-
ing cohort and 0.834 in the validation cohort. 
The model may serve as a noninvasive bio-
marker.97 Li Z et al. revealed that magnetic reso-
nance imaging (MRI)-based provides greater 

Figure 4.  Advanced rectal cancer with positive circumferential resection margin (CRM+), invasion of the 
prostate, seminal vesicles, and posterior bladder wall, bilateral lateral lymph node metastasis (a, b), and 
significantly restricted diffusion on DWI (c). NGS: Microsatellite instability MSI-High; Germline MSH6 mutation 
p.Y969C (Deficient Mismatch Repair, dMMR). Compared to the baseline high-resolution MRI of the rectum (a, 
b, c), there is significant regression of the rectal tumor with a small amount of fibrosis, and the lateral lymph 
nodes have decreased in size (d, e), with no significant restriction on DWI diffusion (f) after immunotherapy 
combined with radiotherapy.
dMMR, mismatch repair deficiency; DWI, diffusion-weighted imaging; MRI, magnetic resonance imaging; MSI, microsatellite 
instability; NGS, the next-generation sequencing results.

https://journals.sagepub.com/home/tag


J Guan, X Gong et al.

journals.sagepub.com/home/tag	 7

Ta
bl

e 
1.

 C
or

re
la

tio
n 

st
ud

ie
s 

of
 im

ag
in

g 
ch

ar
ac

te
ri

za
tio

n 
fo

r 
m

ol
ec

ul
ar

 g
en

et
ic

s.

A
ut

ho
r/

ye
ar

Tu
m

or
 

ty
pe

Im
ag

in
g 

te
ch

ni
qu

e
B

io
m

ar
ke

r 
ty

pe
Sa

m
pl

e 
si

ze
M

et
ho

d
Fi

nd
in

gs
K

ey
 m

et
ri

cs

Ji
an

g 
et

 a
l.92

 
(2

02
3)

G
C

C
T

TM
E

26
86

D
ee

p 
le

ar
ni

ng
 

ra
di

om
ic

 fe
at

ur
es

Th
e 

de
ep

 le
ar

ni
ng

 m
od

el
 c

ou
ld

 
ac

cu
ra

te
ly

 a
ss

es
s 

TM
E 

st
at

us
.

A
U

C
 =

 0
.9

37

Su
n 

et
 a

l.93
 

(2
02

4)
G

C
C

T
TM

E
26

00
R

ad
io

m
ic

s
LR

S 
an

d 
M

R
S 

ar
e 

as
so

ci
at

ed
 w

ith
 

IH
C

-d
er

iv
ed

 im
m

un
e 

co
nt

ex
t, 

pr
ed

ic
tin

g 
D

FS
 a

nd
 O

S.

A
U

C
(L

R
S)

 =
 0

.7
65

–0
.7

73
;

A
U

C
(M

R
S)

 =
 0

.7
36

–0
.7

50

H
ua

ng
 e

t a
l.94

 
(2

02
2)

G
C

C
T

TM
E

22
72

R
ad

io
m

ic
s

R
ad

io
m

ic
s 

bi
om

ar
ke

r 
co

rr
el

at
es

 w
ith

 
N

LR
, p

re
di

ct
in

g 
D

FS
 a

nd
 O

S.
A

U
C

 =
 0

.7
95

–0
.8

61

Sa
be

r 
et

 a
l.95

 
(2

02
3)

C
R

LM
C

T
C

D
73

16
0

R
ad

io
m

ic
s

P
re

op
er

at
iv

e 
C

T 
ra

di
om

ic
s 

pr
ed

ic
ts

 C
D

73
 e

xp
re

ss
io

n 
in

 C
R

LM
, 

co
rr

el
at

in
g 

w
ith

 h
is

to
lo

gi
ca

l C
D

73
 

le
ve

ls
.

A
U

C
 =

 0
.9

5

G
ao

 e
t a

l.96
 

(2
02

0)
G

C
C

T
TI

Tr
eg

16
5

R
ad

io
m

ic
s

C
T 

ra
di

om
ic

s 
ca

n 
pr

ed
ic

t g
as

tr
ic

 
ca

nc
er

 p
ro

gn
os

is
 v

ia
 T

IT
re

g 
ce

ll 
as

se
ss

m
en

t.

A
U

C
 =

 0
.8

84

Zh
ao

 e
t a

l.97
 

(2
02

3)
G

C
C

T
M

SI
39

6
R

ad
io

m
ic

Th
e 

ra
di

om
ic

s 
cl

in
ic

 c
om

bi
ne

d 
m

od
el

 
w

ith
 “

R
ad

sc
or

e”
 o

pt
im

al
ly

 p
re

di
ct

ed
 

M
SI

 s
ta

tu
s 

ac
ro

ss
 c

oh
or

ts
.

A
U

C
 =

 0
.8

36

Li
 e

t a
l.98

 
(2

02
1)

R
C

M
R

I
M

SI
90

R
ad

io
m

ic
s

R
ad

io
m

ic
s 

m
od

el
s 

ar
e 

si
gn

ifi
ca

nt
ly

 
as

so
ci

at
ed

 w
ith

 M
SI

 s
ta

tu
s.

A
U

C
 =

 0
.9

08
–0

.9
26

Zh
an

g 
et

 a
l.99

 
(2

02
1)

R
C

M
R

I
M

SI
49

1
D

ee
p 

le
ar

ni
ng

D
ee

p 
le

ar
ni

ng
 m

od
el

s 
ca

n 
ac

cu
ra

te
ly

 
pr

ed
ic

t M
SI

 s
ta

tu
s 

in
 R

C
 p

at
ie

nt
s.

A
U

C
 =

 0
.8

68

H
or

va
t e

t a
l.10

0  
(2

01
9)

R
C

M
R

I
G

en
et

ic
 

m
ut

at
io

ns
65

R
ad

io
m

ic
s

Q
ua

nt
ita

tiv
e 

M
R

I f
ea

tu
re

s 
m

ay
 b

e 
lin

ke
d 

to
 g

en
et

ic
 m

ut
at

io
ns

, b
ut

 
qu

al
ita

tiv
e 

fe
at

ur
es

 a
re

 n
ot

.

 

Le
e 

et
 a

l.10
1  

(2
02

2)
C

C
18

F-
FD

G
 

P
ET

/C
T

K
R

A
S;

 M
SI

19
5

Se
m

i-
qu

an
tit

at
iv

e 
an

al
ys

is
SU

Vm
ax

 s
ig

ni
fic

an
tl

y 
co

rr
el

at
ed

 w
ith

 
K

R
A

S 
m

ut
at

io
n 

an
d 

M
SI

 s
ta

tu
s.

A
U

C
(K

R
A

S)
 =

 0
.6

4;
A

U
C

(M
SI

) =
 0

.6
3

H
os

hi
no

 
et

 a
l.10

2  (
20

22
)

C
R

C
C

T
TM

B
24

R
ad

io
ge

no
m

ic
s

R
ad

io
m

ic
s 

an
al

ys
is

 c
an

 a
cc

ur
at

el
y 

pr
ed

ic
t T

M
B

 d
iff

er
en

ce
s 

in
 p

ri
m

ar
y 

an
d 

m
et

as
ta

tic
 le

si
on

s.

A
U

C
 =

 0
.7

32
–0

.8
12 (C

on
tin

ue
d)

https://journals.sagepub.com/home/tag


Volume 18

8	 journals.sagepub.com/home/tag

Therapeutic Advances in 
Gastroenterology

A
ut

ho
r/

ye
ar

Tu
m

or
 

ty
pe

Im
ag

in
g 

te
ch

ni
qu

e
B

io
m

ar
ke

r 
ty

pe
Sa

m
pl

e 
si

ze
M

et
ho

d
Fi

nd
in

gs
K

ey
 m

et
ri

cs

Ya
ng

 e
t a

l.85
 

(2
02

3)
G

C
C

T
TM

B
37

7
R

ad
io

m
ic

s
H

ig
h 

EM
VI

 s
co

re
 li

nk
ed

 to
 lo

w
 M

SI
, 

TM
B

, I
C

I r
es

po
ns

e,
 a

nd
 h

ig
h 

im
m

un
e 

es
ca

pe
.

A
U

C
: 0

.6
68

 (a
t 1

 ye
ar

); 
0.

74
4 

(a
t 2

 ye
ar

s)
; 0

.7
14

 
(a

t 3
 ye

ar
s)

W
an

g 
et

 a
l.10

3  
(2

02
2)

G
C

C
T

P
D

-L
1

15
3

R
ad

io
m

ic
s

A
G

C
 p

at
ie

nt
s 

w
ith

 C
P

S 
⩾

 1
0 

ha
d 

m
or

e 
en

ha
nc

ed
 a

rt
er

ia
l p

ha
se

 a
nd

 la
rg

er
 

ly
m

ph
 n

od
es

.

A
U

C
 =

 0
.6

71

Xi
e 

et
 a

l.10
4  

(2
02

3)
G

C
C

EC
T

P
D

-L
1

21
7

R
ad

io
m

ic
s

Th
e 

ra
di

om
ic

s 
m

od
el

 c
an

 a
cc

ur
at

el
y 

pr
ed

ic
t h

ig
h 

P
D

-L
1 

ex
pr

es
si

on
 le

ve
ls

.
A

U
C

 =
 0

.8
06

Q
ia

o 
et

 a
l.10

5  
(2

02
3)

C
C

18
F-

FD
G

 
P

ET
/C

T
P

D
-L

1
72

Se
m

i-
qu

an
tit

at
iv

e 
an

al
ys

is
SU

Vm
ax

 o
n 

18
F-

FD
G

 P
ET

/C
T 

co
rr

el
at

es
 p

os
iti

ve
ly

 w
ith

 P
D

-L
1 

ex
pr

es
si

on
.

A
U

C
 =

 0
.7

45

Zh
ao

 e
t a

l.10
6  

(2
02

3)
ES

C
C

18
F-

FA
P

I-
04

 
P

ET
/C

T
P

D
-L

1
24

Se
m

i-
qu

an
tit

at
iv

e 
an

al
ys

is
18

F-
FA

P
I-

04
 P

ET
/C

T 
pa

ra
m

et
er

s 
ar

e 
lin

ke
d 

to
 P

D
-L

1 
ex

pr
es

si
on

, w
ith

 
SU

Vs
d 

be
in

g 
th

e 
be

st
 p

re
di

ct
or

 fo
r 

P
D

-L
1 

po
si

tiv
ity

.

A
U

C
: 0

.8
82

 (S
U

Vm
ea

n)
, 

0.
87

4 
(S

U
Vs

d)
,

0.
84

0 
(S

U
Vp

ea
k)

,
0.

76
5 

(S
U

Vm
ax

)).

C
yt

ry
n 

et
 a

l.10
7  

(2
02

4)
G

EC
P

ET
P

D
-L

1
10

Se
m

i-
qu

an
tit

at
iv

e 
an

al
ys

is
88

%
 c

on
co

rd
an

ce
 b

et
w

ee
n 

P
D

-
L1

 P
ET

 im
ag

in
g 

an
d 

pa
th

ol
og

ic
 

as
se

ss
m

en
t.

r s
 =

 0
.6

4

18
F-

FD
G

 P
ET

/C
T,

 2
-d

eo
xy

-2
-[

18
F]

 fl
uo

ro
-D

-g
lu

co
se

 p
os

itr
on

 e
m

is
si

on
 to

m
og

ra
ph

y/
C

T;
 A

D
C

, a
pp

ar
en

t d
iff

us
io

n 
co

ef
fic

ie
nt

; A
G

C
, a

dv
an

ce
d 

ga
st

ri
c 

ca
nc

er
; A

U
C

, a
re

a 
un

de
r 

th
e 

re
ce

iv
er

 o
pe

ra
tin

g 
ch

ar
ac

te
ri

st
ic

 c
ur

ve
; C

C
, c

ol
on

 c
an

ce
r;

 C
EC

T,
 c

on
tr

as
t-

en
ha

nc
ed

 C
T;

 C
P

S,
 c

om
bi

ne
d 

po
si

tiv
e 

sc
or

e;
 C

R
C

, c
ol

or
ec

ta
l c

an
ce

r;
 C

R
LM

, c
ol

or
ec

ta
l c

an
ce

r 
liv

er
 m

et
as

ta
se

s;
 C

T,
 c

om
pu

te
d 

to
m

og
ra

ph
y;

 D
FS

, d
is

ea
se

-f
re

e 
su

rv
iv

al
; E

M
VI

, e
xt

ra
m

ur
al

 v
en

ou
s 

in
va

si
on

; E
SC

C
, e

so
ph

ag
ea

l s
qu

am
ou

s 
ce

ll 
ca

rc
in

om
a;

 F
A

P
, f

ib
ro

bl
as

t 
ac

tiv
at

io
n 

pr
ot

ei
n;

 F
A

P
I, 

fib
ro

bl
as

t a
ct

iv
at

io
n 

pr
ot

ei
n 

in
hi

bi
to

r;
 F

D
G

, f
lu

or
od

eo
xy

gl
uc

os
e;

 G
C

, g
as

tr
ic

 c
an

ce
r;

 G
EC

, g
as

tr
oe

so
ph

ag
ea

l c
an

ce
r;

 IC
I, 

im
m

un
e 

ch
ec

kp
oi

nt
 in

hi
bi

to
r;

 
IH

C
, i

m
m

un
oh

is
to

ch
em

is
tr

y;
 K

R
A

S,
 K

ir
st

en
 r

as
 s

ar
co

m
a 

vi
ra

l o
nc

og
en

e;
 L

R
S,

 ly
m

ph
oi

d 
ra

di
om

ic
 s

co
re

; M
R

I, 
m

ag
ne

tic
 r

es
on

an
ce

 im
ag

in
g;

 M
R

S,
 m

ye
lo

id
 r

ad
io

m
ic

 s
co

re
; M

SI
, 

m
ic

ro
sa

te
lli

te
 in

st
ab

ili
ty

; M
TV

, m
et

ab
ol

ic
 tu

m
or

 v
ol

um
e;

 N
LR

, n
eu

tr
op

hi
l-

to
-l

ym
ph

oc
yt

e 
ra

tio
; O

S,
 o

ve
ra

ll 
su

rv
iv

al
; P

D
-L

1,
 p

ro
gr

am
m

ed
 d

ea
th

-l
ig

an
d 

1;
 P

ET
, p

os
itr

on
 e

m
is

si
on

 
to

m
og

ra
ph

y;
 R

C
, r

ec
ta

l c
an

ce
r;

 r
s, 

Sp
ea

rm
an

 r
an

k 
co

rr
el

at
io

n 
co

ef
fic

ie
nt

; S
U

V,
 s

ta
nd

ar
di

ze
d 

up
ta

ke
 v

al
ue

; S
U

Vm
ax

, m
ax

im
um

 s
ta

nd
ar

di
ze

d 
up

ta
ke

 v
al

ue
; S

U
Vm

ea
n,

 m
ea

n 
st

an
da

rd
iz

ed
 u

pt
ak

e 
va

lu
e;

 S
U

Vp
ea

k,
 p

ea
k 

st
an

da
rd

iz
ed

 u
pt

ak
e 

va
lu

e;
 S

U
Vs

d,
 s

ta
nd

ar
di

ze
d 

up
ta

ke
 v

al
ue

 s
ta

nd
ar

d 
de

vi
at

io
n;

 T
IT

re
g,

 tu
m

or
-i

nf
ilt

ra
tin

g 
re

gu
la

to
ry

 T
 c

el
ls

; T
LF

, t
ot

al
 

le
si

on
 F

A
P

; T
M

B
, t

um
or

 m
ut

at
io

na
l b

ur
de

n;
 T

M
E,

 tu
m

or
 m

ic
ro

en
vi

ro
nm

en
t.

Ta
bl

e 
1.

 (
C

on
tin

ue
d)

https://journals.sagepub.com/home/tag


J Guan, X Gong et al.

journals.sagepub.com/home/tag	 9

accuracy in assessing MSI in rectal cancer than 
T2-weighted imaging or apparent diffusion coef-
ficient (ADC) imaging alone, with AUCs ranging 
from 0.908 to 0.926.98 In addition, Lee et al.101 
demonstrated that 18F-FDG positron emission 
tomography CT (PET/CT) could assess kirsten 
ratsarcoma viral oncogene homolog mutations 
and MSI status in colorectal cancer with moder-
ate accuracy. Collectively, these findings under-
score the expanding role of advanced imaging in 
predicting treatment response in patients with  
GI tumors.

Hoshino et al. demonstrated the potential of radi-
omic analysis to predict TMB variations between 
primary and metastatic lesions in colorectal can-
cer, providing valuable insights into the role of 
radiogenomics in assessing TMB status.102 Yang 
et al. identified a CT-detected extramural venous 
invasion-related gene signature, associating a high 
extramural venous invasion score with reduced 
MSI, lower TMB, and an increased tendency for 
immune escape, which correlates with a poorer 
response to ICI treatment in gastric cancer 
patients.85 These studies highlight the potential of 
imaging as a predictive tool for immunotherapy 
response, complementing molecular genetic data.

Traditionally, PD-L1 expression has been evalu-
ated via IHC, which involves the assessment of 
staining intensity and distribution in tumor biop-
sies. Complementary molecular techniques, such 
as Western blotting for direct protein quantifica-
tion and RT-PCR for mRNA analysis, have also 
been routinely employed to validate PD-L1 levels. 
While IHC remains the clinical gold standard for 
PD-L1 assessment, its interpretation is compli-
cated by variability in scoring systems and tissue 
heterogeneity. Noninvasive imaging approaches, 
such as radiomics and molecular PET/CT, are 
now being explored to overcome these limitations 
and provide spatially resolved insights into PD-L1 
expression across entire tumors. Xie et al.104 uti-
lized contrast-enhanced CT in gastric cancer 
patients to build a radiomics model, achieving an 
AUC of 0.806 for predicting high PD-L1 levels 
and thus aiding immunotherapy decision-making. 
Qiao et  al.105 reported a positive correlation 
between 18F-FDG PET/CT maximum standard-
ized uptake value (SUVmax) and PD-L1 expres-
sion in colon cancer liver metastases. Zhao et al.106 
identified standardized uptake value standard 
deviation (SUVsd) as the best predictor for PD-L1 
positivity via 18F-FAPI-04 PET/CT, with an 

AUC of 0.882, underscoring the potential of 
molecular imaging in assessing PD-L1 expression 
for immunotherapy selection. Although current 
imaging techniques cannot directly quantify 
PD-L1, advanced modalities such as PET/CT and 
MRI provide valuable insights into the mutational 
landscape and immune cell infiltration of tumors.

By integrating various imaging modalities (e.g., 
CT, MRI, and PET/CT), researchers have pre-
liminarily achieved noninvasive prediction of key 
molecular features in gastrointestinal tumors, 
such as microsatellite instability (MSI), tumor 
mutational burden (TMB), and PD-L1 expres-
sion. These imaging biomarkers not only over-
come the sampling bias and invasiveness associated 
with traditional biopsies but also enable dynamic 
monitoring of tumor microenvironment evolution 
through multi-timepoint imaging analyses.

The integration of imaging biomarkers with 
molecular and histopathological data can refine 
predictive models. Future research should focus 
on validating these imaging biomarkers in larger-
scale, multicenter cohorts to ensure their repro-
ducibility and external validity.

Imaging prediction for immunotherapy 
outcomes
The efficacy of immunotherapy in GI tumors has 
been a significant focus of oncological research, 
with ICIs at the forefront. However, variability in 
patient response to these therapies necessitates 
the development of predictive biomarkers to 
enhance treatment personalization. Imaging tech-
niques have emerged as valuable tools in this 
domain, providing insights into treatment out-
comes and guiding patient selection for immuno-
therapy (Table 2).108–125

Fucà et  al.108 found that early tumor shrinkage 
and the depth of response in 169 CRC patients 
treated with ICIs were associated with improved 
survival, thereby guiding treatment strategies. 
Huang et  al.109 showed that radiomic features 
could predict 12-month and 24-month irPFS in 
patients with gastric cancer with high accuracy. 
Rong et al.123 demonstrated that 68Ga-FAPI-04 
PET/CT could noninvasively predict the efficacy 
of ICIs in patients with gastric cancer, facilitating 
pretreatment patient stratification. Conversely, 
Fox et al.119 reported that CT, MRI, and endos-
copy were insufficient for predicting outcomes in 
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dMMR CRC patients, underscoring the need for 
better biomarkers. These findings suggest that 
imaging biomarkers may optimize treatment 
strategies and outcomes for GI tumors treated 
with ICI therapy, warranting further validation in 
future studies.

Combining immunotherapy with chemotherapy 
and radiotherapy shows promise in improving 
cancer treatment efficacy.126 Imaging plays a cru-
cial role in predicting responses to these com-
bined therapies, providing valuable information 
for treatment planning and patient outcomes. 
Ruan et al. included 192 patients with esophageal 
squamous cell carcinoma undergoing neoadju-
vant immunochemotherapy which were analyzed 
to assess dynamic radiologic features for predict-
ing pathologic complete response (pCR). 
Notably, higher pCR rates were observed in 
patients without vascular signs.111 Kim et al. iden-
tified an association between sarcopenia, as meas-
ured by the skeletal muscle index, and shorter 
PFS in gastric cancer patients on PD-1 inhibitors, 
underscoring the skeletal muscle index`s value  
as a prognostic marker.116 Xu et  al.120 utilized 
intravoxel incoherent motion diffusion-weighted 
imaging (IVIM-DWI) and blood oxygenation 
level-dependent MRI (BOLD-MRI) to demon-
strate increased tumor inhibition with combined 
vascular endothelial growth factor receptor -2 and 
PD-1 blockade, emphasizing MRI`s role in assess-
ing treatment efficacy. Qi et al. built a machine-
learning model to predict pCR in patients with 
esophageal squamous cell carcinoma by integrat-
ing radiomics from 18F-FDG PET/CT and clini-
cal data, achieving an AUC of 0.852.121

Dynamic imaging biomarkers, such as alterations 
in metabolic activity or tumor morphology 
reflected by standardized uptake values (SUVs) 
from PET scans, hold the potential for predicting 
responses to ICIs.122,127 Particularly, 68Ga-FAPI-04 
PET imaging, which targets fibroblast-activation 
protein, represents a novel approach that offers 
insights into the tumor immune microenviron-
ment (TIME). Elevated 68Ga-FAPI-04 uptake is 
associated with poorer outcomes and diminished 
ICI therapy efficacy, suggesting its utility as an 
independent predictor of treatment outcomes.123 
However, this technology faces challenges regard-
ing accessibility and cost and requires further vali-
dation before broader patient implementation. In 
clinical settings, 68Ga-FAPI-04 PET has the 

potential to complement existing biomarkers, ena-
bling personalized treatment strategies for patients 
most likely to benefit from ICIs.

Recent studies indicate that body composition, 
particularly adipose tissue distribution, signifi-
cantly influences the success of immunotherapy. 
Imaging techniques have revealed a correlation 
between an individual’s adipose composition and 
the effectiveness of ICIs.117,128 These findings 
may help predict which patients are likely to 
respond well to specific immunotherapies, poten-
tially personalizing treatment plans and enhanc-
ing the effectiveness of immunotherapy. In 
addition, the influence of adipose tissue on the 
TME might uncover new targets for treatment 
and the role of lifestyle changes in improving 
immunotherapy outcomes.

Innovative imaging technologies such as immuno-
PET and hyperpolarized (HP) 13C-MRI show 
considerable potential for noninvasively monitoring 
the effects of immunotherapy on tumors. Immuno-
PET uses monoclonal antibodies to track specific 
immune receptors or cells, predicting immunother-
apy responses by quantifying tracer uptake.129,130 
By contrast, HP 13C-MRI enhances the signal of 
13C-labeled molecules, enabling real-time tracking 
of metabolic processes. This technique facilitates 
the study of cancer metabolism and early detection 
of responses to immunotherapy.131,132

Through fusion of these multidimensional data, 
imaging not only provides real-time guidance for 
immunotherapy initiation (e.g., metabolic decline 
preceding morphological changes) but also 
dynamically optimizes combination strategies 
(e.g., timing anti-angiogenic agents or radiother-
apy), driving a paradigm shift in imaging from 
“post-treatment evaluation” to an “integrated tool 
for prediction, monitoring, and intervention.”

Future studies should prioritize validating these 
imaging biomarkers in prospective trials and inte-
grating them into clinical workflows. Furthermore, 
longitudinal imaging studies are needed to assess 
dynamic changes in tumor characteristics (e.g., 
metabolic activity, immune cell infiltration) and 
correlate these changes with adaptive immune 
responses (e.g., T-cell receptor diversity, cytokine 
profiles), thereby uncovering resistance mecha-
nisms and informing personalized therapeutic 
adjustments.
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J Guan, X Gong et al.

journals.sagepub.com/home/tag	 13

Challenges and future directions
Despite the significant potential of integrating 
molecular genetics and advanced imaging bio-
markers into personalized immunotherapy for GI 
tumors, challenges remain in their clinical appli-
cation: (1) many studies rely on single-center 
data, limiting generalizability due to homogene-
ous patient populations and institution-specific 
protocols. Multi-institutional collaborations are 
needed to enhance reproducibility and external 
validity. (2) Radiomic models are sensitive to dif-
ferences in imaging equipment, reconstruction 
algorithms, and segmentation methods. 
Standardized guidelines are essential to harmo-
nize radiomic analyses. (3) Limited cohorts 
reduce statistical power and increase overfitting 
risks, particularly in machine learning models. 
Larger, prospective datasets are required to vali-
date findings. (4) Intratumoral and intertumoral 
heterogeneity challenge both molecular and imag-
ing biomarkers. For instance, radiomic features 
averaged across entire tumors may obscure 
regional differences. Longitudinal studies with 
dynamic observation are needed to capture 
changes in the tumor microenvironment during 
therapy. (5) Discrepancies in endpoint definitions 
and follow-up durations hinder unified interpre-
tation of biomarker efficacy. Long-term survival 
data are often lacking, limiting insights into dura-
ble immunotherapy benefits.

To overcome these challenges, future research 
should prioritize the following: (1) multi-center 
collaborations to ensure diverse and representa-
tive patient cohorts. (2) Standardization of imag-
ing protocols and radiomic feature extraction. (3) 
Large-scale, prospective trials to validate inte-
grated biomarker models. (4) Dynamic monitor-
ing of tumor biology using advanced imaging 
techniques such as hyperpolarized 13C-MRI, 
immuno-PET.

Conclusion
This review highlights the transformative poten-
tial of integrating molecular genetics and 
advanced imaging biomarkers into personalized 
immunotherapy for GI tumors. Molecular bio-
markers, such as MSI, TMB, and PD-L1 expres-
sion, have become indispensable tools for patient 
selection and treatment optimization. Meanwhile, 
advanced imaging technologies, including radi-
omics and PET/CT, provide noninvasive tools to 
assess tumor biology and predict therapeutic 

responses. Despite the challenges, through multi-
center collaborations, standardized protocols, 
and large-scale prospective trials, these biomark-
ers are expected to play a significant role in future 
clinical practice, ultimately improving patient 
outcomes.
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Appendix

Abbreviations
ADC	 apparent diffusion coefficient
AI	 artificial intelligence
AUC	 areas under the receiver operating 

characteristic curve
BOLD-MRI	 blood oxygenation level-

dependent magnetic resonance 
imaging

https://journals.sagepub.com/home/tag


Volume 18

20	 journals.sagepub.com/home/tag

Therapeutic Advances in 
Gastroenterology

CPS	 combined positive score
CRC	 colorectal cancer
CT	 computed tomography
DFS	 disease-free survival
DoR	 depth of response
ESCC	 esophageal squamous cell 

carcinoma
ETS	 early tumor shrinkage
FAP	 fibroblast activation protein
GI	 gastrointestinal
ICB	 immune checkpoint blockade
ICIs	 immune checkpoint inhibitors
IHC	 immunohistochemistry
irPFS	 Immunotherapy-related 

progression-free survival
ITH	 tumor spatial heterogeneity
IVIM-DWI	 intravoxel-incoherent-motion 

diffusion-weighted imaging
MRI	 magnetic resonance imaging

MSI	 microsatellite instability
NICT	 neoadjuvant 

immunochemotherapy
NLR	 neutrophil-to-lymphocyte ratio
OS	 overall survival
PD-L1	 programmed death-ligand 1
PET	 positron emission tomography
SMI	 Skeletal muscle index
SUVmax	 maximum standardized uptake 

value
SUVs	 standardized uptake values
SUVsd	 standardized uptake value 

standard deviation
T2W	 T2-weighted
TIME	 tumor immune 

microenvironment
TMB	 tumor mutational burden
TME	 tumor microenvironment
TPS	 tumor Proportion Score
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