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TME-guided deep learning predicts chemotherapy
and immunotherapy response in gastric cancer with
attention-enhanced residual Swin Transformer
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SUMMARY

Adjuvant chemotherapy and immune checkpoint blockade exert quite durable anti-tumor responses, but the
lack of effective biomarkers limits the therapeutic benefits. Utilizing multi-cohorts of 3,095 patients with
gastric cancer, we propose an attention-enhanced residual Swin Transformer network to predict chemo-
therapy response (main task), and two predicting subtasks (ImmunoScore and periostin [POSTN]) are
used as intermediate tasks to improve the model’s performance. Furthermore, we assess whether the model
can identify which patients would benefit from immunotherapy. The deep leaming model achieves high ac-
curacy in predicting chemotherapy response and the tumor microenvironment (ImmunoScore and POSTN).
We further find that the model can identify which patient may benefit from checkpoint blockade immuno-
therapy. This approach offers precise chemotherapy and immunotherapy response predictions, opening av-
enues for personalized treatment options. Prospective studies are warranted to validate its clinical utility.
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Summary

Adjuvant chemotherapy and immune checkpoint blockade exert quite durable anti-tumor responses, but the
lack of effective biomarkers limits the therapeutic benefits. Utilizing multi-cohorts of 3,095 patients with
gastric cancer, we propose an attention-enhanced residual Swin Transformer network to predict chemo-
therapy response (main task), and two predicting subtasks (ImmunoScore and periostin [POSTN]) are
used as intermediate tasks to improve the model’s performance. Furthermore, we assess whether the model
can identify which patients would benefit from immunotherapy. The deep learning model achieves high ac-
curacy in predicting chemotherapy response and the tumor microenvironment (ImmunoScore and POSTN).
We further find that the model can identify which patient may benefit from checkpoint blockade immuno-
therapy. This approach offers precise chemotherapy and immunotherapy response predictions, opening av-
enues for personalized treatment options. Prospective studies are warranted to validate its clinical utility.
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5-fluorouracil-based chemotherapy is considered the standard I R AR EIRIY R B DLS-FR e A Bt pAkyy
of care for stage II-lll gastric cancer (GC) following radical sur- AR RBRIGHEFEARBI-THE R (GC) Wbiikih
gery, demonstrating durable anti-tumor responses in some pa- J7, REMEAE—Lb A b 7 AR K M BT IR BB o
tients.”” However, despite the survival benefits of adjuvant

chemotherapy, the 5-year overall survival rate for advanced AT BINRIT G : AR, RAEHIBLIY BA R F3%E,
GC remains below 40%, highlighting a significant risk of unnec- W 1 B U i SAE B AR R MK T 40%, XEBHHY—
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tients.” These conflicting results suggest an urgent clinical
need for predictive biomarkers to identify which patients will
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of effective biomarkers for predicting the benefit of 25,

5-fluorouracil-based chemotherapy, making the identification
of predictive biomarkers to personalize treatment for patients
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Recently, the emergence of immunotherapies, including im- RPEERIT: AR, REEVRITHIHBL, AR N
mune checkpoint inhibitors (ICls), cancer vaccines, oncolytic vi- IR (ICIs) ~ FEAEEH - WRDRREMARIGYY, A
ruses, and cell therapies, has revolutionized cancer treatment.”’ JREAAE T REAETR YT I ) o
Among these, ICls have become a first-line treatment option for
advanced GC.”>™” Preliminary positive outcomes have also SRR BIIGYY . FEX IR T T e, R
been observed with perioperative immunotherapy.'® '~ However, H ) B B H e 2 B B R VA R W R 4
the low response rate of ICls and the difficulty in identifying benefit R B F AR GEERITY BA — T3

groups remain major clinical challenges.’* Although biomarkers
such as programmed cell death ligand 1 (PD-L1), Epstein-Barr vi-
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been approved to guide ICI therapy, none are fully predictive of P BMEVL VR B3R 4 SR AR AT A% 2 22 PR PRk o
immunotherapy responses.’*'” Therefore, accurately identifying RABGRRFHESE R L (PD-L1)  RAHIE-EUR
patients who will benefit from immunotherapy to maximize thera- ﬁﬁ‘ ?’!‘?E—’%K Ao A R SR 1 ﬁ %EE%’W%%
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The tumor microenvironment (TME) consists of innate immune
cells, adaptive immune cells, cytokines, and extracellular matrix
components.'®?° These elements form a complex regulatory
network that plays a crucial role in tumor progression and
treatment response.'”“' Accurate evaluation of the TME can
improve the assessment of immunotherapy effectiveness in
GC.? Additionally, the tumor immune status of patients is
closely correlated with chemotherapy response, highlighting
the value of incorporating TME evaluation into chemotherapy
response assessment.”” Our previous studies have shown that
ImmunoScore and periostin (POSTN) expression are signifi-
cantly associated with chemotherapy benefit.”"”* However,
the assessment of the TME relying on histopathological staining
has limitations, such as invasiveness, sample heterogeneity,
high cost, time consuming nature, and technical complexity.”” "’
Therefore, developing a non-invasive and cost-effective model
to assess chemotherapy response while integrating TME status
to enhance model performance is imperative.
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Radiological imaging is a non-invasive tool rottipely used for Ve, Blan s e mim R s 5 (ke g#E%)
diagnosis, staging, and treatment evaluation in patients with
cancer, including those with GC.”®“? Recently, deep l€atning
has emerged as a transformative methodology for automatica
learning representative features from annotated tumor images
for disease evaluation. Traditionally, deep learning models

have been designed for single-task purposes, such as predicting B R FRCR, 3 OB DA A5 A 3 30 & SF 4R

specific clinical outcomes (e.g., lymph node metastasis).””"" In W 7 0 b IS ) ) B LR
contrast, multitask deep learning enables the simultaneous anal- 515 W RIZ5 ) L

ysis of different tasks within a single model.>* By sharing feature
representations and interactions among related tasks, multitask
learning is more data efficient and has been shown to reduce
overfitting and improve model generalization across various ap-
plications, including computer vision, disease diagnosis, and
drug discovery.**°
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Here, we developed a multitask deep learning model called
attention-enhanced residual Swin Transformer (AER-SwinT) for
the simultaneous prediction of chemotherapy response and
TME characteristics using preoperative computed tomography
(CT) images. Compared to existing convolutional neural net-
works (CNNs) or transformer-based methods, our approach
captures global feature relationships while leveraging multiple

granularities for data analysis. AER-SwinT employs the Swin
Transformer to extract hierarchical features from CT images,
enabling analysis at various levels of granularity, from fine to
coarse.”” "’ Additionally, channel average-based attention
maps and residual connections enhance the AER-SwinT
model’s ability to dynamically refine its focus on spatial regions,
improving feature extraction across multiple stages.”” Further-
more, this multitask learning approach enables the model to
capture more comprehensive features from the training data.
By using chemotherapy response as the primary task and
ImmunoScore and POSTN expression as intermediate tasks,
the model leverages these clinically relevant immune biomarkers
to improve predictive accuracy over single-task methods. Given
the established clinical importance of these immune biomarkers,

we also evaluated the model’s ability to predict immunotherapy
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Step 2: Model validation
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Chemo-Response prediction
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Training cohort (N=224)
with Chemao with IHC

o~

i

A

!

AUC (95% CI)
0.900 (0.862-0.938)

0 02 04 068 08 10
1-Specificity

External validation cohort 2 (N=391)
with Chemo without IHC

"

/
f

1/ AUC (95% Cl)

0.871 (0.834-0.908)
0 02 04 06 08 1.0
1-Specificity

1.0 -

0.8 1
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0.4 1

0.2

1.0 1

0.8 -
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0.4 A
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Internal validation cohort 1 (N=346)
with Chemo without IHC

A

/
ﬂ

AUC (95% CI)
0.886 (0.851-0.920)

N

0 0.2 0.4 0.6 0.8 1.0
1-Specificity

External validation cohort 3 (N=216)
with Chemo without IHC

AUC (95% CI)
0.879 (0.828-0.930)
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1-Specificity
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External validation cohort 1 (N=103)
with Chemo with IHC
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AUC (95% CI)
0.881 (0.811-0.950)

0 02 04 068 08 10
1-Specificity

External validation cohort 4 (N=123)
with Chemo without IHC

P - ’

.
]

AUC (95% Cl)
0.876 (0.812-0.940)

0 0.2 04 08 08 1.0
1-Specificity

8 I G5 2E R0 P 8 6k 4 i o
Zrm# (AUC) 4351740.900
(95% E {5 X 1] : 0.862-0.938)
f10.886 (95% : 0.851-0.920)

TEAMER S IE BA S 1 b W 52 3 7

kLB 45 B, AUC 4 0.881
(95% CI: 0.811-0.950) , 4}

B 55 9IE BA %) 2 i) AUC 4 0.871
(95% CI: 0.834-0.908)

AR A 3-4-4 S5 7 ) RE X
i A R, AUC 23 51 9 0.879
(95% CI: 0.828-0.930) A
0.876 (95% CI: 0.812-0.940)
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Bfﬂ' Chemo-Response prediction
Training cohort (N=224)

T""r- with Chemo with IHC

External validation cohort 1 (N=103)
with Chemo with IHC

Internal validation cohort 1 (N=3486)
with Chemo without IHC
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True Chemo-Response

External validation cohort 2 (N=391)
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External validation cohort 3 (N=216)

True Chemo-Response
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with Chemo without IHC
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True Chemo-Response True Chemo-Response True Chemo-Response



=4

-

-, EIF9 ( ImmunoScore)

B3 78 R ik

A ImmunoScore prediction

Training cohort (N=224)
with Chemo with IHC

Internal validation cohort 2 ({ N=171)
without Chemo with IHC

External validation cohort 1 (N=103)
with Chemo with IHC

External validation cohort 1 { N=72)
without Chemo with IHC
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0.2 1 AUC (95% CI) 021 AUC (95% CI) 0.2 AUC (95% CI) 02 1 AUC (95% CI)
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Training cohort (N=224) Internal validation cohort 2 ( N=171) External validation cohort 1 (N=103) External validation cohort 1 ( N=72)
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0
=4
& 044

0.2 AUC (95% CI) 02 1 ALUC (95% CI) 0.2 AUC (95% CI) 02 AUC (95% CI)

0 0.825 (0.772-0.878) 0.822 (0.762-0.883) 0.817 (0.736-0.897) 0.848 (0.759-0.938)
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 06 08 1.0
1-Specificity 1-Specificity 1-Specificity 1-Specificity

P LR B RLAE B SR B V20 T
AP — B R A, AL
J AN TTLIG A8 3% Hh ) ot 2 T v Y
(AUC) 4+5140.839 (95%&
f5 X H[CI]: 0.789 -0.889)
f0.842 (95% CI: 0.785 -
0.899) . 7ESYSUCCPRAZ!Hh
ME ] 7RISR, AUCSHH
40.844 (95% CI: 0.765 -
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SMU cohort: stage | + IV (n=156)

ImmunoScare prediction
AUC: 0.835 (95%C1: 0.772 - 0.898)

B

0 0.2 04 06 08 1.0
1-Specificity

SMU + SYSUCC cohort: stage | (n=189)
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z 061
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3 041
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AUC: 0.835 (95%CI: 0.776 - 0.894)

02 04 06 08 1.0
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SYSUCC cohort: stage | + IV (n=82)

ImmunoScore prediction
AUC: 0.863 (95%ClI: 0.784 - 0.943)

0 0.2 04 06 08 10
1-Speciicity

SMU + SYSUCC cohort: stage |V (n=49)

ImmunoScore prediction
AUC: 0.841 (85%CI: 0.734 - 0.948)

0 02 0.4 06 08 1.0
1-Specificity
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ImmunoScore prediction

Predicted ImmunoScore

Predicted ImmunoScore

Low

High

Low

High

Training cohort (N=224)
with Chemo with IHC

Low High

True ImmunoScore

External validation cohort 1 ( N=72)
without Chemo with IHC

22 7
8
Low High

True ImmunoScore

Internal validation cohort 2 { N=171)
without Chemo with IHC

30

Low High
True ImmunoScore

SMU cohort: stage | + IV {n=156)

29

Low High
True ImmunoScore

External validation cohort 1 (N=103)
with Chemo with IHC

Low High
True ImmunoScore

SYSUCC cohort: stage | + IV (n=82)

Low High

True ImmunoScore
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A ImmunoScore prediction
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Training cohort (N=224)
with Chemo with IHC

AUC (95% CI)
0.839 (0.789-0.889)
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Internal validation cohort 2 ({ N=171)
without Chemo with IHC

AUC (95% CI)
0.842 (0.785-0.899)
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with Chemo with IHC

AUC (95% CI)
0.844 (0.765-0.922)

0.8

0.6

0.4 4

0.2 4

External validation cohort 1 { N=72)
without Chemo with IHC
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AUC (95% CI)
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Training cohort (N=224)
with Chemo with IHC

Internal validation cohort 2 ( N=171)
without Chemo with IHC

External validation cohort 1 (N=103)
with Chemo with IHC

External validation cohort 1 ( N=72)
without Chemo with IHC

AUC (95% CI)
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SMU cohort: stage | + IV (n=156)

POSTN prediction
AUC: 0.815 (95%CI: 0.750 - 0.880)
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1-Specificity

SMU + SYSUCC cohort: stage | (n=189)

POSTN prediction
AUC: 0.818 (95%CI: 0.760 - 0.877)
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SYSUCC cohort: stage | + IV (n=82)

POSTN prediction
AUC: 0.858 (95%CI; 0.779 - 0.937)

0 0.2 0.4 0.6 0.8 1.0
1-Specificity

SMU + SYSUCC cohort: stage IV (n=49)

POSTN prediction
AUC: 0.872 (95%CI: 0.758 - 0.987)
0 0.2 0.4 0.6 0.8 1.0

1-Specificity
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POSTN prediction

Predicted POSTN

Predicted POSTN

Low

High

Low

High

Training cohort (N=224)
with Chemo with IHC

71 20

39

Low High
True POSTN

External validation cohort 1 { N=72)
without Chemo with IHC

Low High
True POSTN

Internal validation cohort 2 ( N=171)

without Chemo with IHC

Low High
True POSTN

SMU cohort: stage | + IV {n=156)

23
20 52
Low High

True POSTN

External validation cohort 1 (N=103)
with Chemo with IHC

38 9
18
Low High
True POSTN

SYSUCC cohort: stage | + IV (n=82)

Low High
True POSTN
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A
Training cohort
Predicted TME biomarkers
Predicted ImmunoScore (high vs. low)
Predicted POSTN (high vs. low)
Gender (male vs. female)
Tumor size (>4 cm vs. <4 cm)
TNM stage (III vs. II)
Internal validation cohort 1
Predicted TME biomarkers
Predicted ImmunoScore (high vs. low)
Predicted POSTN (high vs. low)
Age (years) (260 vs. <60)
Tumor size (>4 cm vs. <4 em)
Differentiation
CEA (elevated vs. normal)
CA19-9 (elevated vs. normal)
TNM stage (IV vs. III vs. II vs. I)
Chemotherapy (yes vs. no)
External validation cohort 1
Predicted TME biomarkers
Predicted ImmunoScore (high vs. low)
Predicted POSTN (high vs. low)
Tumor size (>4 cm vs. <4 em)

Differentiation

Lauren type (diffuse or mixed vs. intestinal)

CEA (elevated vs. normal)
CA19-9 (elevated vs. normal)
TNM stage (IV vs. IIT ve. II vs. I)

Chemotherapy (yes vs. no)

0.567 (0.406-0.791)
2.539 (1.758-3.666)
1.514 (1.044-2.196)
1.412 (1.009-1.974)
2.554 (1.702-3.832)

0.729 (0.615-0.866)
1.128 (0.952-1.337)
1.009 (0.925-1.101)
0.939 (0.801-1.102)
1.114 (0.999-1.243)
1.549 (1.242-1.932)
1.347 (1.088-1.666)
1.841 (1.618-2.095)
0.732 (0.624-0.860)

0.709 (0.614-0.820)
1.188 (1.025-1.376)
0.988 (0.862-1.131)
1.191 (1.027-1.381)
1.118 (0.951-1.313)
1.331 (1.138-1.557)
1.802 (1.574-2.063)
0.890 (0.778-1.017)

0.001
<0.0001
0.029
0.044
<0.0001

<0.001
0.165
0.842
0.441
0.053
<0.001
0.006
<0.0001
<0.001

<0.0001
0.022
0.858
0.021
0.177

<0.001

<0.0001
0.086

D

0.705 (0.503-0.989)
2.642 (1.812-3.853)

1.393 (0.950-2.042)
1.304 (0.923-1.844)
2.956 (1.897-4.605)

0.746 (0.625-0.891)
1.235 (1.034-1.474)
1.037 (0.946-1.135)
0.924 (0.782-1.091)
1.191 (1.060-1.338)
1.556 (1.236-1.959)
1.274 (1.021-1.589)
1.780 (1.561-2.030)
0.693 (0.586-0.820)

0.732 (0.627-0.854)
1.017 (0.871-1.188)
0.967 (0.836-1.117)
0.999 (0.872-1.145)
1.175 (0.997-1.386)
1.168 (0.987-1.383)
1.357 (1.152-1.600)
1.919 (1.658-2.220)
0.702 (0.610-0.809)

0.043
<0.0001
0.09
0.133
<0.0001

0.001
0.02
0.439
0.35
0.003
<0.001
0.032
<0.0001
<0.001

<0.0001
0.827
0.647
0.989
0.054
0.071
=0.001
<0.0001
<0.001

|TME, tumor microenvironment.

TTMEX e &S AME (HAFIESImmunoScorefs sy /POSTNZRIE M EHI R R)

A0 By M Rk — 2PN, AR
ot I R AR B 5, TMEFi i A5 44
398 RE I PR 265 5 B B 0 R R (W
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Table S14. Comparing the prediction accuracy of the integrated nomogram with predicted TME biomarkers and TNM

stage in the training and validation cohorts.

Variable

Disease-free survival

Overall survival

C-index (95% CI)

P

C-index (95% CI)

P

Training cohort

Nomogram

Predicted ImmunoScore

Predicted POSTN
TNM stage

Internal validation cohort 1

Nomogram

Predicted ImmunoScore

Predicted POSTN
TNM stage

External validation cohort 1

Nomogram

Predicted ImmunoScore

Predicted POSTN
TNM stage

0.726 (0.690-0.762)
0.644 (0.604-0.684)
0.653 (0.609-0.697)
0.639 (0.593-0.685)

0.675 (0.654-0.696)
0.598 (0.575-0.621)
0.560 (0.537-0.583)
0.660 (0.639-0.681)

0.647 (0.628-0.666)
0.591 (0.571-0.611)
0.551 (0.530-0.572)
0.623 (0.604-0.642)

<0.0001

<0.0001

<0.0001

0.723 (0.683-0.763)
0.633 (0.588-0.678)
0.662 (0.617-0.707)
0.640 (0.591-0.689)

0.667 (0.646-0.688)
0.599 (0.575-0.623)
0.567 (0.543-0.591)
0.653 (0.631-0.675)

0.652 (0.632-0.672)
0.570 (0.549-0.591)
0.522 (0.500-0.544)
0.635 (0.615-0.655)

<0.0001

<0.0001

<0.0001

TME, tumor microenvironment.

W 5 AG FRAE S PR - R L 45 -5 8

(TNM) ZrHifHss & npal, 1
Fir A BA %) v FH Bl Bk f FH TNM 45
A, YIREIEE T = s T e v
M (p < 0.0001) .
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Training cohort (N=224 with Chemo with IHC)
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Training cohort (N=224 with Chemo with IHC)
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Training cohort (N=224 with Chemo with IHC)

Test cohort (N=103 with Chemo with IHC)
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Immune checkpoint blockade and adjuvant chemotherapy have
shown quite durable anti-tumor responses, but the lack of effec-
tive biomarkers limits the therapeutic benefits.”'* These chal-
lenges highlight the importance of developing cost-effective
and accurate prediction models for chemotherapy and immuno-
therapy. In this retrospective multi-center study of 3,095 pa-
tients, we developed a multitask deep learning model called
AER-SwinT for the simultaneous prediction of chemotherapy
response after radical surgery and the TME (ImmunoScore
and POSTN expression) using preoperative CT images. By em-
ploying attention-enhanced hierarchical features and multitask
learning, AER-SwinT accurately predicts chemotherapy
response and TME characteristics. For patients predicted as
chemo-sensitive through the proposed deep learning model,
adjuvant chemotherapy was associated with improved survival,
whereas those predicted as chemo-resistant did not. Further-
more, given the established clinical relevance of TME Dbio-
markers, the multitask deep learning model showed predictive
value for prognosis and could distinguish patients who might
or might not benefit from anti-PD-1 immunotherapy.
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Systemic chemotherapy is considered as a standard treat-
ment for local advanced GC in Western or Eastern nations. -
Adding chemotherapy to surgery has improved patient survival.
However, larger variation in clinical outcomes and treatment re-
sponses is observed even among patients with same clinico-
pathologic features and similar treatment regimens.” Given
these heterogeneous outcomes, accurate prediction of chemo-
therapy response after gastrectomy is crucial for making appro-
priate treatment decisions about adjuvant therapies.” To
address these challenges, several biomarkers associated with
chemotherapy response had been reported. Yong and col-
leagues developed a gene signature to predict response to
5-fluorouracil-based chemotherapy on a phase 2 clinical trial
with 81 patients with GC.> Chen and colleagues found that
pathomics signature was associated with chemotherapy
response of GC in two cohorts with 480 patients.”* However,
these studies included a relatively small number of patients,
and the methodology used was invasive and costly. By analyzing
data for 3,095 patients, this study developed a non-invasive
deep learning model based on preoperative CT images to
directly predict response to 5-fluorouracil-based chemotherapy
in resected GC. Our method can identify patients who can
benefit from postoperative adjuvant chemotherapy in stage |l
and Il GC. Patients identified as chemo-sensitive are likely to
experience significant survival benefits from adjuvant chemo-
therapy, whereas those identified as chemo-resistant do not.
The prediction model will allow the optimization of individual de-
cision-making. By utilizing AER-SwinT, we can predict that sen-
sitive patients would benefit from aggressive treatment regimens
to improve survival, while resistant patients could be spared from
the adverse effects of adjuvant therapies.
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The recent success of immunotherapy across various cancer
types highlights the need to better understand the mechanisms
of effective anti-tumor immune responses and to identify the
immunotherapy benefit for individual patient.®'%11->> The
TME is cumulatively recognized as the key regulator of all types
of anti-cancer therapy.'® ' Compared with chemotherapy non-
responders, response was associated with on-treatment TME
remodeling including natural Killer cell recruitment, decreased
tumor-associated macrophages, M1-macrophage repolariza-
tion, and increased effector T cell infiltration.”* Thus, assessing
the TME at treatment will assist decision-making of adjuvant
chemotherapy, and introducing TME information in prediction
model development for chemotherapy response is of great
value. Additionally, increasing evidence established the role of
TME as a determinant for predicting prognosis and immuno-
therapy responses in various cancer.'®““ To dissect inter-tumor
TME heterogeneity, we defined two biomarkers (ImmunoScore
and POSTN) with established biological and clinical rele-
vance.”"”* The proposed deep learning model enables non-
invasive, economical, accurate, and dynamic monitoring of the
TME. Given the limitations in tissue access, as well as the high
cost, time-consuming nature, and technical complexity of histo-
logical approaches, our method offers a viable alternative to
overcome these challenges.
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line treatment option for advanced GC, its application in the peri-

operative setting is still in the early stages of exploration, and -Fx, *ﬁ %é{[iﬂ%ﬂ},mﬁ BEO lﬂlﬂj ’ Zliﬁﬂ: %’fif)’l‘éiﬂ?ﬁﬁ ﬂ:

relevant data remain limited.>® '® Therefore, this study only

explored the application of the developed model in immuno- ﬁ*ﬁﬂﬁﬂﬁ/ﬂﬂ %ﬁﬁgiﬁﬁqj H@& FH o

therapy for advanced GC. Besides, 5-fluorouracil-based chemo-

therapy is considered the standard of care for stage II-lll GC ¢ *Eiﬁﬂb'ﬂﬁﬁ%ﬂ Hﬁ,ﬂﬂ %ﬁﬂgﬁgiﬁ 9?%1‘;'3]‘1: Iﬁj H@%@ﬁf
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GC are different treatment options targeting patients at different
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Although immunotherapy has been recommended as a first-
line treatment option for advanced GC, its application in the peri-
operative setting is still in the early stages of exploration, and
relevant data remain limited.>® '® Therefore, this study only
explored the application of the developed model in immuno-
therapy for advanced GC. Besides, 5-fluorouracil-based chemo-
therapy is considered the standard of care for stage II-lll GC
following radical surgery."”” Postoperative adjuvant chemo-
therapy for advanced GC and immunotherapy for advanced
GC are different treatment options targeting patients at different
disease stages. Thus, it is worth noting that the predictive effect
of the CT-based model developed in this study for chemo-
therapy and immunotherapy was explored using two distinct co-
horts: the former comprising patients with GC receiving postop-
erative adjuvant therapy, and the latter comprising patients with
advanced-stage GC. In the future, as more data become avail-
able, we will further investigate the model’s predictive value in
the context of perioperative immunotherapy.
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Using deep learning approach to automatically learn quantita-
tive representation from medical images is the development trend
of intelligent precision diagnosis and treatment research.”>°
Most deep learning methods for clinical tasks rely on convolu-
tional networks (CNNs) and transformer architectures.®® *%>" %
CNN-based approaches are inherently constrained by their
limited receptive field, hampering their ability to capture compre-
hensive global information from medical images. Transformer-
based methods, while powerful, often struggle to extract
multi-granular details effectively, which is critical for developing
a thorough understanding of the data and achieving accurate
analysis. This study addresses these limitations by introducing
AER-SwinT, a deep learning model designed to predict chemo-
therapy response and assess the TME using preoperative CT im-
ages. Our approach leverages the hierarchical feature extraction
capabilities of the Swin Transformer, enabling the model to pro-
cess data from fine to coarse granularity. This allows AER-
SwinT to capture both global and detailed information crucial for
accurate clinical predictions. Additionally, our method adopts
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e e~ e e ures at eacn stage, signimcantuy Improving Its apiity 10 capture
accurate clinical predictions. Additionally, our method adopts different details and enhance overall performance. Compared to
channel average-based attention maps at multiple stages. These traditional CNN and transformer models, our AER-SwinT inte-
attention maps dynamically highlight regions of interest within the grates hierarchical feature extraction with dynamic attention

mechanisms. Comparative experiments demonstrate that AER-

CT images, allowing the model to focus on critical spatial locations
SwinT outperforms both CNN-based methods and other trans-

through pointwise multiplication and residual connections. This e s s S —

mechanism ensures that the model emphasizes important fea- capturing global context for effective feature representation. Abla-

tures at each stage, significantly improving its ability to capture tion analyses highlight the value of the multitask learning approach
d|fferent detalls and enhance overall performance Compared to and channel attention residual aggregation. By incorporating clin-
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tion analyses highlight the value of the multitask learning approach
and channel attention residual aggregation. By incorporating clin-
ically relevant immune biomarkers, such as ImmunoScore and
POSTN expression, as intermediate tasks, our model enhances
predictive accuracy for chemotherapy and immunotherapy out-
comes. This innovative approach overcomes the limitations of ex-
isting methods, offering a robust framework for comprehensive
clinical analysis and marking a significant advancement in medical
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comes. This innovative approach overcomes the limitations of ex-
isting methods, offering a robust framework for comprehensive
clinical analysis and marking a significant advancement in medical
imaging and predictive analytics. Additionally, channel average-
based attention maps effectively leverage global relationships
within the data, significantly contributing to performance improve-
ments. These findings suggest that integrating a channel attention
mechanism helps isolate and amplify critical features, making it a
valuable component in transformer-based medical image
analysis.

o RXBIFOTIE AR TRUA AR )RR, RO T — N RRRER A TSR G R A, R EEEA
AT 3 A BB R . BEAL, el iE PR RER) B RO AR R 2 Rk R, WD)
THERERITRTE . X LB PR, BEAWIETER ) HLHIA BY TR S ABOR R BERAE, (E O ET &
g B B2 22 A5 o A b B S S LS 40



DISCUSSION

Bt THLEENE fmid

In addition, Figures 2B and S3 show the attention generated at
each stage of our model. In the initial stage, our model primarily
focuses on the edge information of the tumor within the CT im-
ages. As the model deepens, it progressively extracts coarser
granularity information while simultaneously increasing attention
on the internal regions of the tumor. These examples demon-
strate that our method, through hierarchical feature extraction
and guided attention mechanisms, enables the model to focus
on different areas of the tumor at various granularities. Conse-
quently, this approach allows for a more comprehensive analysis

of the patient’s image data.
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During the primary task of chemotherapy response predic-
tion, we adopted training strategies that introduced TME and
routine clinical features, which further improved the model’s
performance and outperformed a traditional single-task deep
learning model or single-scale convolution neural network.
Compared with traditional machine-learning-based radiomics
models and deep-learning-based single-task imaging models,
the proposed multitask AER-SwinT model optimized the
training procedure and achieved cost-effective, accurate pre-
dictions. Future research should appropriately adopt deep
learning techniques that offer cost and time advantages and
ensure the development of robust models that meet clinical
requirements.
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Although some methods were adored to reduce the heteroge-
neity of CT images, the heterogeneity of these data should not be
ignored. In the future, several strategies should be addressed to
reduce the impact of CT scanner heterogeneity on model perfor-
mance. First, we aim to standardize the models and parameters
of CT machines across different centers to reduce variability in
imaging data. Second, we plan to develop and incorporate
advanced normalization algorithms that dynamically adjust for
scanner-specific differences during preprocessing, ensuring
consistent feature extraction across datasets. Third, we will
leverage data augmentation techniques, such as adding noise
simulated from different scanning protocols and domain adapta-
tion methods, to enhance the model’s adaptability to data from
diverse scanners. These efforts will help minimize scanner-
induced variability and improve the model’s reliability in clinical
applications.
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Discussion - Limitations of the study

Ca— - characteristics might be different in patients from other
LIIjI'IItﬂtIOI"IS of the Stljld_y . . o . . geographical regions, necessitating validation by other diverse
This study has some limitations. The primary limitation of this populations and ethnic groups in a large cohort. The third point

o . T . is that CT i hieved f i i
study is its retrospective nature. The second limitation is that fferont metitotions. whish o orenes the hetorocemsiy of
ifferent institutions, which may increase the heterogeneity of

the data were obtained from patients of East Asian origin only, the data. Fourthly, this study only explored the application of
and the pathological subtype and distribution of clinical the developed model in immunotherapy for advanced GC.

Further investigation in the context of perioperative immuno-
therapy is need. Additionally, gender was included as a demo-
graphic variable in the dataset, but no gender-specific analyses
were conducted. We recognize this as a limitation of the current
study, and further investigations are warranted to determine
whether gender may affect the study outcomes. Finally, the pa-
tients enrolled in the study were treated over decades and not
within a randomized ftrial setting. Although the treatment was
5-fluorouracil based, the treatment drugs and cycles are not uni-
form, and the decision to treat patients with chemotherapy or not
was made by the clinicians or patients, or both. As such, a rigor-
ously designed randomized controlled trial to validate the gener-
alizability and reproducibility is required.
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* 1) However, despite the survival benefits of adjuvant chemotherapy,
the 5-year overall survival rate for advanced GC remains below 40%,
highlighting a significant risk of unnecessary or delayed treatment for
a substantial number of patients

* highlighting a significant risk of : 7] D) Fi s JEE0 AT 1) 88 21 () [ 53
* 2) These conflicting results suggest an urgent clinical need for

predictive biomarkers to 1identify which patients will benefit from
adjuvant chemotherapy.

* suggest an urgent clinical need for xxx
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* 3) Recently, the emergence of immunotherapies, including immune
checkpoint inhibitors (ICIs), cancer vaccines, oncolytic viruses, and
cell therapies, has revolutionized cancer treatment

* has revolutionized . fJJRSA 7 A F I FGAS AL
s WEARBBRIE

* 4) Therefore, accurately 1dentifying patients who will benefit from
immunotherapy to maximize therapeutic outcomes is a critical 1ssue
that needs to be addressed.

 1s a critical 1ssue that needs to be addressed
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* 5) Therefore, developing a non-invasive and cost-effective model to
assess chemotherapy response while integrating TME status to
enhance model performance is imperative

 Imperative : E2H, HYIK

* 6) Currently, there 1s a lack of effective biomarkers for predicting the
benefit of 5-fluorouracil-based chemotherapy, making the
identification of predictive biomarkers to personalize treatment for
patients with GC crucial and long overdue.

* Crucial : R{ER, RREEM
* Long overdue : 5iZ k7
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* 7) Our previous studies have shown that ImmunoScore and periostin
(POSTN) expression are significantly associated with chemotherapy
benefit.

* IR SEET TAF
e Significantly: E3& /]

* 8) Recently, deep learning has emerged as a transformative
methodology for automatically learning representative features from
annotated tumor 1images for disease evaluation.

o XX FEHEFI : emerged
o PR HVE:  transformative methodology
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* 9) The TME 1s cumulatively recognized as the key regulator of all
types of anti-cancer therapy.

* Be cumulatively recognized : #{/M AR Exxx
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* 10) Given the limitations 1n tissue access, as well as the high cost,
time-consuming nature, and technical complexity of histological
approaches, our method offers a viable alternative to overcome these
challenges.
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* 1) Accurate evaluation of the TME can improve the assessment of
immunotherapy effectiveness in GC. Additionally, the tumor immune
status of patients 1s closely correlated with chemotherapy response,

H evaluation into

highlighting the value of incorporating TM!
chemotherapy response assessment.
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* 2) Currently, there 1s a lack of effective biomarkers for predicting the
benefit of 5-fluorouracil-based chemotherapy, making the
identification of predictive biomarkers to personalize treatment for
patients with GC crucial and long overdue.
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* 4) However, the assessment of the TME relying on histopathological
staining has limitations, such as invasiveness, sample heterogeneity,
high cost, time consuming nature, and technical complexity.
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*5) In contrast, multitask deep learning enables the simultaneous
analysis of different tasks within a single model. By sharing feature
representations and interactions among related tasks, multitask
learning 1s more data efficient and has been shown to reduce
overfitting and 1mprove model generalization across various
applications, including computer vision, disease diagnosis, and drug
discovery.
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