SUPPLEMENTARY MATERIALS
Supplementary Methods
Study design

The workflow to identify and validate the TME risk score and TME subtypes in gastric cancer is
depicted in Fig. S1. We first estimated the absolute abundance levels of the major stromal and
immune cell types in the TME using bulk gene expression data, and assessed the prognostic
effect of these cells in a discovery cohort. Next, we constructed a TME risk score and validated it
in two independent gene expression validation cohorts and three immunohistochemistry
validation cohorts. Finally, we stratified patients into four TME subtypes and examined their
genomic and molecular features and relation to established molecular subtypes.

Gene expression data

To explore the prognostic landscape of the TME, we used four gene expression profile (GEP)
datasets of resected gastric cancer patients with publicly available clinical information, namely,
ACRG (GSE62254) (1), GSE15459 (2), GSE84437 (3), and TCGA stomach adenocarcinoma
(STAD). Specifically, the raw microarray data in the ACRG cohort and GSE15459 were retrieved
from the Gene Expression Omnibus (GEO), and normalized by the RMA algorithm (package affy)
using custom chip definition files (Brainarray version 23 (4)) that convert Affymetrix probesets to
Entrez gene IDs. For GSE84437 dataset, which was measured by the lllumina platform, we
downloaded the normalized gene expression profile from the GEO (package GEOquery (5)). The
lllumina probes were also mapped to Entrez genes. For multiple probes mapping to the same
Entrez gene, we selected the one with the maximum mean expression level as the surrogate for
the Entrez gene using the function of collapseRows (6) (package WGCNA). The normalized gene
expression data in the TCGA STAD cohort was downloaded from the TCGA PanCanAtlas data
portal (https://gdc.cancer.gov/about-data/publications/pancanatlas). All gene expression levels
were log2 transformed and batch effects were removed using the Combat algorithm (7) (package
SVA). The clinical and treatment information for ACRG cohort was retrieved from the original
publication (1). The clinical outcome data for GSE15459 and GSEB84437 cohorts were
downloaded from the GEO. For the TCGA STAD cohort, the clinical information and genomics
features were retrieved from the PanCanAtlas data portal.

Patients in the IHC cohorts

For validated purposes, we analyzed IHC data for gastric cancer patients who were treated with
surgical resection at the Nanfang Hospital of Southern Medical University (SMU) and the First
Affiliated Hospital of Sun Yat-Sen University (SYSU), Guangzhou, China. Written-informed
consent was obtained from all of the enrolled patients. All procedures were performed in
accordance with the Declaration of Helsinki and approved by the Institutional Review Boards at
the two participating centers. Inclusion criteria were diagnosis of primary, biopsy-confirmed GC,
surgical resection, and the availability of hematoxylin and eosin (H&E) slides with invasive tumor
components, follow-up data, and clinicopathologic characteristics. No patients had received
previous treatment. We included three independent cohorts of 753 patients in this study, including
247 and 234 consecutive patients treated at SMU between January 2005 and December 2007,
January 2008 and December 2009, and 272 patients treated at SYSU from January 2005 to
December 2007. The three cohorts were denoted as SMU1, SMU2 and SYSU. The patient
characteristics are listed in Table S1.


https://gdc.cancer.gov/about-data/publications/pancanatlas
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IHC data

FFPE samples were cut into 4-um thick sections, which were then processed for
immunohistochemistry staining as previously described (8, 9). The samples were de-waxed in
xylene and rehydrated in decreasing concentrations of ethanol. Prior to staining, the sections
were subjected to endogenous peroxidase blocking in 1% H,O- solution diluted in methanol for
10 minutes and then heated in a microwave for 30 minutes with 10 mmol/L citrate buffer (pH 6.0).
Serum blocking was performed using 10% normal rabbit serum for 30 minutes. The slides were
incubated overnight with an antibody against human CD57 (1:100 dilution; NeoMarker, clone NK1)
for NK cells, CD34 (1:200 dilution; Abcam, ab81289) for endothelial cells, or a-SMA (smooth
muscle actin; 1:100 dilution; Abcam, ab5694) for fibroblasts at 4°C, followed by incubation with
an amplification system with a labeled polymer/HRP (EnVision™, DakoCytomation, Denmark) at
37°C for 30 min. The reaction was visualized using diaminobenzidine (DAB)+ chromogen, and
nucleus was counterstained using hematoxylin. In all assays, we included negative control slides
with the primary antibodies omitted. Every staining run contained a slide of positive control. And
all slides were stained with DAB dyeing for the same time for each antibody.

IHC staining was independently assessed by two pathologists who were blinded to patient
characteristics. A third pathologist was consulted when different opinions arose between the two
primary pathologists and discrepancies were resolved by consensus. Under 200 magnification,
photographs of 5 representative fields were captured using an inverted research microscope
(model DM IRB; Leica Germany); identical settings were used for each photograph. The
nucleated stained cells in each area were quantified and expressed as the number of cells per
field. For the CD57 or CD34 staining in tumor tissue, the number of positive cells or microvessels
was calculated in each field and expressed as the mean value of the five fields (cells per field or
microvessels per field). Intensity of fibroblast cell staining (a-SMA) was graded as 0 (negative
staining), 1 (weak staining), 2 (moderate staining) and 3 (strong staining); staining extent was
graded as 0 (0%—4%), 1 (5%—24%), 2 (25%—-49%), 3 (50%—74%) and 4 (>75%). Values of the
intensity and the extent were multiplied as the level of a-SMA.

Identification of prognostic cell types in the TME

For the gene expression cohorts, the absolute abundance levels of major cell types within the
TME were computed for each patient by the Microenvironment Cell Populations-counter (MCP-
counter) algorithm (10). Here, the abundance levels were estimated for 8 immune and 2 stroma
cell types by averaging pre-selected sets of marker genes (Table S2). The immune cells include
T cells, CD8 T cells, cytotoxic lymphocytes, NK cells, B lineage, monocytic lineage, myeloid
dendritic cells, and neutrophils. The stroma cells are fibroblasts and endothelial cells. To
investigate the association of each TME cell type with overall survival (OS), we selected the
ACRG cohort (n = 300) as the discovery cohort, because detailed clinical and treatment outcome
information with sufficient follow-up is available. To assess robustness of the prognostic
significance, we used two different methods, namely the Cox regression analysis (package
survival) and random survival forest model (package randomForestSRC(11)). Specifically, we
conducted univariate Cox regression analysis of each cell type with or without controlling for stage
and treatment in the ACRG cohort, and examined the corresponding Wald test P values. To
implement the random forest algorithm, we generated 500 stratified bootstrap resamples of
approximately the same size (n = 296) of the ACRG cohort, controlling for treatment and stage.
We used the ‘logrank’ metric as the splitting rule. The hyperparameter of the random forest model,
namely mtry (number of cell types randomly sampled at each split) and nodesize (average
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number of patients in a terminal node) were determined based on the out-of-bag error. The
variable importance was calculated from the resulting model, which provided a ranking order of
the features.

Development and validation of a TME-based risk score

Through the above analyses, NK cells, endothelial cells, and fibroblasts were identified as the
most robust prognostic markers. We first explored their pairwise Pearson correlation in the ACRG
cohort. Considering a high correlation and similar prognostic effects, we defined a Stroma score
as the geometric mean of the estimated abundance of endothelial cells and fibroblasts to reflect
the overall stromal quantity (12). To further validate the stroma score, the correlations of an EMT
signature (1, 13), two fibroblast signatures (14) and the StromalScore provided by the ESTIMATE
algorithm (15) were calculated regarding to proposed stroma score in each GEP cohort. The
abundance of NK cells were correlated with those of T or CD8 T cells as well as a T-cell inflamed
gene expression signature (16). Similarly, we assessed the correlation and prognostic
independence between the NK cells and Stroma score. Given the low correlation between the NK
cell and Stroma score as well as the opposite prognostic effect, we defined a TME-based risk
score as the ratio of Stroma score to NK cell abundance, of which a higher value indicates an
elevated risk of death.

Using the same formula, we constructed the Stroma score and the TME risk score for the
independent GEP and IHC validation cohorts. Again, for the two GEP validation cohorts, the
Stroma and TME risk score were derived based on the absolute abundance level of NK,
endothelial cells and fibroblast, which were estimated by MCPcounter algorithm. For the IHC
cohorts, the Stroma and TME risk score were constructed based on the IHC staining levels of
CD57 (NK cell), CD34 (endothelial cell) and a-SMA (fibroblast). By applying a bivariate Cox
regression, we confirmed the prognostic independence between the NK cells and Stroma score
in the merged validation GEP (GSE84437 and GSE15459) and IHC cohorts, respectively. Then,
we tested the association between the continuous TME risk score and OS in each of the
independent GEP and IHC validation cohorts. TCGA STAD cohort was excluded for survival
analysis because of a short follow-up time (median: <2 years vs. >5 years in other cohorts).

Additionally, cutoff values for TME risk scores were derived separately for the gene expression
and IHC cohorts, given the different measurement platforms. For gene expression cohorts, 100
guantile cut points were generated covering the 10th percentile to 90th percentile of the TME risk
score in the ACRG cohort. We dichotomized patients in the ACRG cohort based on each cut point
and recorded the corresponding Wald test P value of Cox regression with stage and treatment
controlled as strata. We chose the cutoff value with the minimum P value as the optimal prognostic
threshold to differentiate patients into high or low TME risk groups. We used the same criteria to
select the cutoff value for the IHC cohort based on the SMU1 cohort. Then, we examined the OS
differences between different TME risk groups in each of the GEP and IHC cohorts.

Independent prognostic effect of TME risk score to clinicopathologic factors

We used multivariable Cox regression to assess the independent prognostic value of the
continuous TME risk score by adjusting for clinicopathologic factors including age at diagnosis,
gender, pathological stage, Lauren histology, and treatment by chemotherapy in the ACRG and
merged IHC cohort. In the GEP cohorts, in addition to clinicopathologic factors, the inferred MSI
status (1, 17) was also included in the multivariate Cox regression. To assess the statistical
significance of additive prognostic effect of TME risk score to stage, which was the strongest
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prognostic clinical factor, we compared Cox regression models that included stage with or without
the continuous TME risk score based on the likelihood-ratio test for nested models. The strength
of the additive effect of the continuous TME risk score to pathological stage was assessed by
continuous net reclassification index analyses (package survIDINRI) (18) at 5 years.

We also examined the prognostic effect of the TME risk groups in relatively more homogenous
sub-populations. Since the ACRG, GSE15459 and all IHC cohorts provide the patient-level stage
information, we assessed the OS difference between different TME risk groups in the merged
GEP (ACRG and GSE15459) and merged IHC cohorts. Similarly, since the ACRG and three IHC
cohorts provide patient-level treatment information, we also examined the prognostic effect of
TME risk groups in the patients who only received surgery.

Identification of TME subtypes and genomic correlates

To elucidate the molecular underpinnings among tumors with different TME characteristics, we
stratified patients based on the median levels of NK cells and Stroma score of the merged GEP
cohort. This led to four TME subtypes, namely NK low & Stroma low, NK high & Stroma low, NK
low & Stroma high, and NK high & Stroma high. Similarly, TME subtypes in the IHC cohorts were
defined based on the median levels of the NK cells and Stroma score of the merged IHC cohort.
We assessed the survival differences among the TME subtypes in the merged GEP (except
TCGA STAD) and merged IHC cohorts.

We compared our TME subtypes with the molecular subtypes proposed by the ACRG (ACRG
subtype) and the intrinsic subtypes for gastric cancer (19) in the GEP cohorts. To evaluate the
complementary prognostic effect of our TME subtypes to the ACRG subtypes, we examined the
survival differences among TME subtypes within each individual ACRG subtype in the merged
GEP cohort (except TCGA STAD). Since the ACRG subtyping was only available for patients in
the ACRG cohort, we generated the ACRG subtype labels for the remaining 3 cohorts (1). Briefly,
we generated the signature scores for microsatellite instability (MSI), epithelial-to-mesenchymal
transition (EMT) and TP53 activity by averaging the expression levels of genes in the
corresponding signature gene list. The cutoff values for MSI, EMT and TP53 activity were
computed by maximizing the Youden index in the ACRG cohort (package OptimalCutpoints (20)).
Then, the patients without the ACRG subtype annotation were assigned to appropriate ACRG
subtypes based on these derived cutoff values. We also constructed the intrinsic subtypes for
gastric cancer based on the expression level of 171 genes (19) using the nearest template
prediction algorithm (21).

In the TCGA STAD cohort, we assessed the genomic characteristics of patients in different TME
subtypes. These genomic features can be grouped into 4 major categories: 1) the genomic
subtypes designed for gastrointestinal tract adenocarcinomas (GIACs); 2) status for key driver
genes (the mutation status of TP53 and PIK3CA, HER2 amplification status, and the epigenetic
silencing status of CDKN2A, MLH1, BRCA1 and RAD51C); 3) genome instability measurement
(aneuploidy score, ploidy level, whole genome doubling status [WGD], clonal deletion score [CDS],
the number of homozygous deletions, the number of arm level copy number events, the number
of focal amplification copy number events, the number of focal deletion copy number events, the
number of overall focal copy number events and the chromosomal instability [CIN] Focal vs Broad
classification); and 4) mutational burden (SNV density, indel density, overall mutation density, and
hypermutation status). Chi-squared and Mann-Whitney tests were used to assess the difference
between TME subgroups regarding categorical and continuous features, respectively. The
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Benjamini-Hochberg method was used to compute the false discovery rate (FDR) to adjust for
multiple testing.

The following is a brief description of the molecular features used in this study. The molecular
subtype for GIACs (GIAC subtype) stratify patients of the TCGA STAD cohort into five groups,
namely Epstein-Barr virus-positive (EBV), hypermutated-SNV (HM-SNV), MSI, CIN and genome
stable (GS) subtypes (22). Mutation status for TP53 and PIK3CA were derived from the MC3
mutation annotation file. HER2 amplification status was derived from the gene-level copy number
data. The epigenetic silencing status of CDKN2A, MLH1, BRCA1, and RAD51C, which indicates
a hyper-methylated promoter region and a reduced gene expression level, was inferred from the
matched DNA methylation and gene expression profiles. The aneuploidy score, ploidy level, WGD,
CDS, and the number of homozygous deletions were estimated using the ABSOLUTE algorithm.
The aneuploidy scores were calculated as the sum total of amplified or deleted arms (23). The
ploidy level reflects the distribution of total copy number. The presence of WGD was determined
based on whether the fraction of genome with duplicated alleles was higher than 0.5. The CDS
quantifies the number of clonally deleted genomic regions in each tumor’'s genome. Other copy
number alterations were identified from segmented data using GISTIC 2.0 algorithm. The CIN
Focal classification represents a higher quantity and intensity of high-amplitude focal DNA
amplifications relative to the CIN Broad classification. The mutation density was defined as the
number of corresponding mutations per megabase. The hypermutation was defined as mutation
density larger than 10. More details about these molecular features can be found in (22).
Molecular features with FDR < 0.01 were reported. To excluding confounding effects of the MSI
or EBV status, similar analyses were conducted in the subgroup of patients with CIN in the TCGA
cohort. Similar analyses were conducted on the subgroups of patients with the same MSI (1, 17)
or T-cell inflamed signatures (16).

Identification of gene expression, molecular pathways, and cytokines correlated with NK
cell abundance and stroma score

We assessed the Pearson correlation between the expression levels of each individual gene with
the NK cell abundance in a meta-analysis of the four GEP cohorts. Specifically, we included genes
measured by at least two cohorts and removed the marker genes of NK cells in the MCPcounter
algorithm, which led to 21,616 unique genes. To minimize false positive findings, we summarized
the overall correlation strength over multiple cohorts for a certain gene using a fixed-effect model
based on Fisher's z transformation of correlation (Package meta (24)).

Next, we computed the pathway activity score of the 50 hallmark gene sets (MsigDB) for each
patient in the GEP cohorts, using the single sample Gene Set Enrichment Analysis (SSGSEA)
algorithm (package GSVA) (25), The correlation between pathway activity and NK cell abundance
as well as Stroma score were assessed with a similar meta-analysis framework described above.

Soluble factors such as cytokines are key modulating factors of TME. Thus, we analyzed the
differentially expressed (DE) cytokines according to the status of NK cells and Stroma score. We
focused on 171 cytokine genes in the human cytokine-cytokine receptor interaction pathway
(has:04060) of the KEGG database, out of which 110 cytokine genes were measured by all the
GEP platforms. We used the limma (26) package to calculate the significant DE cytokine genes
in the merged GEP cohort based on the NK cell and Stroma status. Genes with FDR < 0.01 and
fold change > 1.5 were defined as the DE cytokines.
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286  Supplementary Tables

287  Table S1. Marker genes to calculate absolute abundance levels of TME cell types

Gene symbols Cell population ENTREZID  Gene symbols Cell population ENTREZID
CD28 T cells 940 BANK1 B lineage 55024
CD3D T cells 915 CD19 B lineage 930
CD3G T cells 917 CD22 B lineage 933

CD5 T cells 921 CD79A B lineage 973
CD6 T cells 923 CR2 B lineage 1380
CHRM3-AS2 T cells 100506915 FCRL2 B lineage 79368
CTLA4 T cells 1493 IGKC B lineage 3514
FLT3LG T cells 2323 MS4A1 B lineage 931
ICOS T cells 29851 PAX5 B lineage 5079
MAL T cells 4118 CD160 NK cells 11126
MGC40069 T cells 348035 KIR2DL1 NK cells 3802
PBX4 T cells 80714 KIR2DL3 NK cells 3804
SIRPG T cells 55423 KIR2DL4 NK cells 3805
THEMIS T cells 387357 KIR3DL1 NK cells 3811
TNFRSF25 T cells 8718 KIR3DS1 NK cells 3813
TRAT1 T cells 50852 NCR1 NK cells 9437
CD8B CD8 T cells 926 PTGDR NK cells 5729
CD8A Cytotoxic lymphocytes 925 SH2D1B NK cells 117157
EOMES Cytotoxic lymphocytes 8320 ADAP2 Monocytic lineage 55803
FGFBP2 Cytotoxic lymphocytes 83888 CSFI1R Monocytic lineage 1436
GNLY Cytotoxic lymphocytes 10578 FPR3 Monocytic lineage 2359
KLRC3 Cytotoxic lymphocytes 3823 KYNU Monocytic lineage 8942
KLRC4 Cytotoxic lymphocytes 8302 PLA2G7 Monocytic lineage 7941
KLRD1 Cytotoxic lymphocytes 3824 RASSF4 Monocytic lineage 83937
CD1A Myeloid dendritic cells 909 TFEC Monocytic lineage 22797
CDi1B Myeloid dendritic cells 910 ACVRL1 Endothelial cells 94
CD1E Myeloid dendritic cells 913 APLN Endothelial cells 8862
CLEC10A Myeloid dendritic cells 10462 BCL6B Endothelial cells 255877
CLIC2 Myeloid dendritic cells 1193 BMP6 Endothelial cells 654
WFDC21P Myeloid dendritic cells 645638 BMX Endothelial cells 660
CA4 Neutrophils 762 CDH5 Endothelial cells 1003
CEACAM3 Neutrophils 1084 CLEC14A Endothelial cells 161198
CXCR1 Neutrophils 3577 CXorf36 Endothelial cells 79742
CXCR2 Neutrophils 3579 EDN1 Endothelial cells 1906
CYP4F3 Neutrophils 4051 ELTD1 Endothelial cells 64123
FCGR3B Neutrophils 2215 EMCN Endothelial cells 51705
HAL Neutrophils 3034 ESAM Endothelial cells 90952
KCNJ15 Neutrophils 3772 ESM1 Endothelial cells 11082
MEGF9 Neutrophils 1955 FAM124B Endothelial cells 79843
SLC25A37 Neutrophils 51312 HECW?2 Endothelial cells 57520
STEAP4 Neutrophils 79689 HHIP Endothelial cells 64399
TECPR2 Neutrophils 9895 KDR Endothelial cells 3791
TLE3 Neutrophils 7090 MMRN1 Endothelial cells 22915
TNFRSF10C Neutrophils 8794 MMRN2 Endothelial cells 79812
VNN3 Neutrophils 55350 MYCT1 Endothelial cells 80177
COL1A1 Fibroblasts 1277 PALMD Endothelial cells 54873
COL3A1 Fibroblasts 1281 PEAR1 Endothelial cells 375033
COLG6A1 Fibroblasts 1291 PGF Endothelial cells 5228
COLBA2 Fibroblasts 1292 PLXNA2 Endothelial cells 5362
DCN Fibroblasts 1634 PTPRB Endothelial cells 5787
GREM1 Fibroblasts 26585 ROBO4 Endothelial cells 54538




PAMR1
TAGLN

Fibroblasts
Fibroblasts

25891 SDPR
6876 SHANK3
SHE
TEK
TIE1
VEPH1
VWE

Endothelial cells
Endothelial cells
Endothelial cells
Endothelial cells
Endothelial cells
Endothelial cells
Endothelial cells

8436
85358
126669
7010
7075
79674
7450

288



289  Table S2. Multivariable Cox regression analysis of overall survival using the TME risk
290 score, clinicopathologic factors and MSI status
ACRG cohort GSE15459 GSE84437
Variables
HR (95% Cl) P value HR (95% CI) P value HR (95% Cl) P value
TME risk score 1.39(1.19-1.63)  4.70x105 *** 1.44 (1.14 - 1.83) 0.0026 ** 141 (1.21-1.64) 1.20x10°5 ***
Age 1.03 (1.01 - 1.04) 0.0017 ** 1.01 (0.99 - 1.03) 0.23 1.02 (1.01-1.03)  0.0039 **
Gender
Female 1.00 - 1.00 - 1.00 -
Male 1.23(0.87 - 1.76) 0.24 0.84 (0.52 - 1.36) 0.47 1.29 (0.95 - 1.75) 0.098
Stage
| 1.00 - 1.00 - - -
Il 1.49(0.57 - 3.89) 0.42 2.47 (0.76 - 8.05) 0.13 - -
I 3.02(1.18-7.79) 0.022 * 9.10 (3.17 - 26.09)  4.00x105 *** - -
IV 6.96 (2.73-17.74) 4.90x10° *** 23.64 (8.05 - 69.38) 8.50x10-9 *** - -
Lauren classification
Diffuse/Mixed 1.00 - 1.00 - - -
Intestinal  0.70 (0.49 - 1.00) 0.049 * 1.22 (0.77 - 1.92) 0.41 - -
MS status
Stable 1.00 - 1.00 - 1.00 -
Instable  0.75 (0.47 - 1.21) 0.23 1.51 (0.86 - 2.66) 0.15 1.07 (0.74 - 1.56) 0.72
Chemotherapy
No 1.00 - - - - -
Yes 0.48(0.34-0.70) 8.60x105 *** - - - -
291
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292  Table S3. Top 20 genes positively correlated with NK cell abundance in a meta-analysis
293 of the combined GEP cohorts
Gene Pearson’s .
. Gene name Alias
symbol correlation
KLRC1 0.73 killer cell lectin like receptor C1 CD159A, NKG2, NKG2A, KLRC1
killer cell immunoglobulin like rece
. 3DL2, CD158K, KIR-3DL2, NKAT-
KIR3DL2 0.69 ptor, three Ig dom'alns_ and long cy 4, NKAT4, NKAT4B, p140, KIR3DL2
toplasmic tail 2
. ALPS1B, APT1LG1, APTL, CD178, CD95-
FASLG 0.68 Fas ligand L, CD95L, FASL, TNFSF6, TNLG1A, FASLG
SLA2 0.67 Src like adaptor 2 C200rf156, MARS, SLAP-2, SLAP2, SLA2
KLRC3 0.66 killer cell lectin like receptor C3 NKG2-E, NKG2E, KLRC3
PRF1 0.66 perforin 1 HPLH2, P1, PFP, PRF1
KLRC2 0.64 killer cell lectin like receptor C2 CD159c, NKG2-C, NKG2C, KLRC2
CD244 0.63 CD244 molecule 2B4, NAIL, NKR2B4, Nmrk, SLAMF4, CD244
GZMA 0.63 granzyme A CTLA3, HFSP, GZMA
TCR gamma alternate reading fra CD3G, TCRG, TCRGC1, TCRGC2, TCRGV, TA
TARP 0.62 :
me protein RP
IEFNG 0.62 interferon gamma IFG, IFI, IFNG
APOBEC3 0.62 apolipoprotein B_mRNA e_dltlng en A3H, ARP-10, ARP10, APOBEC3H
H zyme catalytic subunit 3H
KLRD1 0.61 killer cell lectin like receptor D1 CD94, KLRD1
GBP5 0.61 guanylate binding protein 5 GBP-5, GBP5
interleukin 12 receptor subunit bet CD212, IL-12R-
IL12RB1 0.60 al BETAL, IL12RB, IMD30, IL12RB1
ZNF683 0.60 zinc finger protein 683 Hobit, ZNF683
C11, CCPI, CGL-1, CGL1, CSP-
GzMB 0.60 granzyme B B, CSPB, CTLAL, CTSGL1, HLP, SECT, GZMB
GNLY 0.59 granulysin D2S69E, LAG-2, LAG2, NKG5, TLA519, GNLY
LAG3 0.59 lymphocyte activating 3 CD223, LAG3
294
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295 Table S4. Top pathways correlated with NK cell abundance or Stroma score in a meta-
296 analysis of the combined GEP cohorts

297
Pathways positively correlated with NK cell Pathways positively correlated with stroma score
abundance
Rank r Pathways Rank r Pathways
1 0.52 INTERFERON_GAMMA_ RESPONSE 1 0.91 EPITHELIAL—NSEI?_F(')\II\(I:HYMAL—TRA
2 0.51 ALLOGRAFT_REJECTION 2 0.85 UV_RESPONSE_DN
3 0.48 INTERFERON_ALPHA_RESPONSE 3 0.84 APICAL_JUNCTION
4 0.44 IL6_JAK_STAT3_SIGNALING 4 0.83 MYOGENESIS
5 0.40 COMPLEMENT 5 0.76 ANGIOGENESIS
6 0.38 INFLAMMATORY_RESPONSE 6 0.73 KRAS_SIGNALING_UP
7 0.33 PISK_AKT_MTOR_SIGNALING 7 0.68 COAGULATION
8 0.29 APOPTOSIS 8 0.65 HYPOXIA
9 0.29 IL2_STAT5_SIGNALING 9 0.62 IL2_STAT5_SIGNALING
10 0.29 TNFA SIGNALING VIA NFKB 10 0.62 TGF BETA SIGNALING
Pathways negatively correlated with NK cell Pathways positively correlated with stroma score
abundance
Rank r Pathways Rank r Pathways
1 -0.28 HEDGEHOG_SIGNALING 1 -0.61 E2F TARGETS
2 -0.27 MYOGENESIS 2 -0.61 MYC_TARGETS_V2
3 -0.24  WNT_BETA_CATENIN_SIGNALING 3 -0.59 G2M_CHECKPOINT
4 -0.20 UV_RESPONSE_DN 4 -0.56 DNA_REPAIR
5 -0.20 ADIPOGENESIS 5 -0.55 MYC_TARGETS V1
6 -0.20 BILE_ACID_METABOLISM 6 -0.51 SPERMATOGENESIS
7 -0.19 NOTCH_SIGNALING 7 -0.40 UNFOLDED PROTEIN_RESPONSE
8 -0.18 PANCREAS BETA CELLS 8 -0.38 MTORC1_SIGNALING
9 -0.14 TGF_BETA_SIGNALING 9 -0.37  OXIDATIVE_PHOSPHORYLATION
10 013 EPITHELIAL_MESENCHYMAL_TRAN 10 -033 PEROXISOME
SITION
298
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299  Supplementary Figures
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316

Figure S2. Prognostic effects of the major cellular components of the TME and their
pairwise correlation in the ACRG discovery cohort (A) Univariate Cox regression analysis
revealed that the absolute abundance levels of NK cells, fibroblasts, and endothelial cells were
prognostic of overall survival with a pre-specified statistical significance P < 0.05. (B) Univariate
Cox regression analysis with stage and chemotherapy adjusted revealed that the absolute
abundance levels of NK cells, endothelial cells, and fibroblasts were prognostic of overall survival
with a pre-specified statistical significance P < 0.05. (C) The abundance levels of NK cells,
fibroblasts and endothelial cells were the most important features in the random survival forest
model for predicting overall survival. Turquoise color corresponds to positive feature importance
and coral color corresponds to negative features importance. (D) Endothelial cells, fibroblasts,
and the stroma score were all highly correlated with each other. By contrast, NK cells were
uncorrelated to endothelial cells, fibroblasts, and the stroma score. Hazard ratios (HR),
confidence intervals (Cl) and P values in A and B were estimated by Cox regression.

A Univariable Cox regression in the ACRG cohort D Feature correlation in the ACRG cohort
Cell types P value 95% Cl
"""" E\gTTs""_'_8""_'634'("9'0"3"_"""'
Fibroblasts 1.36 (1.16 - 1.59 L] NK cells Endothelial cells Fibroblasts Stroma score
Endothelial cells O 00014 1.71(1.30 - 2.26 -
Cytutoxu: Iymghccytes 0.085 0.84 (0.69 - 1.02 » 1.00-
Neutrophil 0.11 0.78 (0.57 - 1.06 =
ol 88 EEEIL » o on :
lonocytic lineage | R . =1. L] - - -
Myeloid denaritc Sells 064 105086130 - 050~ Corr: Corr: Carr: x
. . (4= 1. - - N - @
CD8 Teells 091  1.01(0.87-1716 a 0.199 0.317 0.284 =
02 07 12 17 22 D 25 -
Hazard Ratio
B Univariate Cox regression in ACRG cohort with
stage and chemotherapy adjusted .
...-Celltypes . ____/ Pvalue __ HR(95%CN) . ____. §
NK cells 0.00039 0.47(0.31-0.71 Corr: Corr: =3
Endothelial cells 0.0042 1.56(1.15-2.11 = @
Fibroblasts 0.025 1.20(1.02 - 1.40 ] 0.73 0913 [
Cytotoxic lymphocytes  0.077  0.82 (0.66 - 1.02 L 2
cells 0.27 0.86 (0.66 - 1.12 = i
Myeloid dendritic cells 0.57 0.94 (0.76 - 1.16 u
CD8 Tcells 0.58 0.95(0.80-1.13 ]
Monocytic lineage 0.65 0.95(0.77 - 1.18 ]
B lineage 072 0.98 (0.86 - 1.11 ||
Neutrophils 0.74 0.95(0.70-1.28 L] -
C O amard Rt Carr: s
o
Random forest feature importance in the ACRG cohort 0.945 o
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Teells  — 3 o
Cytotoxic lymphocytes | — | g
Myeloid dendritic cells [ 3
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317 Figure S3. Correlation of NK cells or stroma scores with T cells and other gene signatures
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327

Figures S4. Bivariate Cox regression on the merged GEP and IHC cohorts. Bivariate Cox
regression indicated that NK cell abundance and stroma score were independent prognostic
factors in the merged GEP validation cohorts (GSE15459 and GSE84437) (A) and merged IHC
validation cohorts (B). Hazard ratios (HR), confidence interval (Cl) and P values were estimated
by Cox regression.

A Bivariate Cox regression in merged validation GEP cohort

Cell types HR (95% ClI) P value
 NKcell  063(050-079) 7.3<10° W
Stroma score 1.45(1.21-1.73) 4.7x107° L

0 05 1 15 2

Hazard Ratio

B

Bivariate Cox regression in merged validation IHC cohort

Cell types HR (95% CI) P value
NK cell 0.61(0.53 -0.70) 2.7x107"* [ ]
Stroma score 1.25(1.14 - 1.37) 1.8x10°° L
0 05 1 15 2
Hazard Ratio
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334

Figure S5. Cox regression P values at different cutoffs of the TME risk score. (A) The TME
risk score of 1.78 (vertical red line) was chosen as the cutoff for GEP cohorts, based on the
minimal Cox regression P value in the ACRG cohort. (B) The TME risk score of 0.59 (vertical
red line) was chosen as the cutoff for IHC cohorts, based on the minimal Cox regression P
value in the SMU1 cohort.

ACRG

23

TME rlsk score

SUM1

Jl“hllw gl

TME risk score

-Iogw(P value)

-Iogw(P value

17



335
336
337
338
339
340

341

Figures S6. The prognostic effects of the TME risk score in patients within each
pathological stage in the combined GEP cohorts. A high TME risk score was consistently
associated with worse overall survival in patients with stage | (A), stage Il (B), stage lll (C), and
stage IV (D) GC in the merged GEP cohorts (ACRG and GSE15459). Hazard ratios (HR) and
confidence intervals (Cl) were estimated by Cox regression. P values were generated by log-rank

test.
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342  Figure S7. The prognostic effect of the TME risk score in patients treated with surgery only
343 and without chemotherapy. A high TME risk score was associated with worse overall survival
344  in patients who received surgery alone in the ACRG (A), SMU1 (B), SMU2 (C), and SYSU (D)
345  cohorts. HR and confidence intervals were estimated by Cox regression. P values were generated
346 by log-rank test.

347
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358

Figure S8. Predictive relevance of the TME risk score for the benefit of chemotherapy in
unmatched stage I-lll gastric cancer. (A) Patients with a high TME risk score derived a
significant survival benefit from adjuvant chemotherapy at 5 years. However, patients with a low
TME risk score did not benefit from adjuvant chemotherapy (B). Hazard ratios (HR) and
confidence intervals (Cl) were estimated by Cox regression. P values were generated by log-rank
test. The P value for the interaction between the TME risk group and adjuvant chemotherapy was
0.0965.
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359 Figure S9. Complementary prognostic value of the TME subtypes to the intrinsic subtypes

360 for gastric cancer. P values were generated by log-rank test.
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362  Figure S10. Genomic features significantly associated with NK cell infiltration status.
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368

Figure S11. Differential mutation status of TP53 and PIK3CA in patients with different MSI
or T-cell inflamed levels. P values were generated by Chi-squared tests.
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369 Figure S12. Genomic features significantly associated with Stroma status.
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371  Figure S13. Genomic features correlated with both NK and stroma status
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Figure S14. Genomic features correlated with NK or stroma status in the patients with
CIN from the TCGA cohort.
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381

Figure S15. Top hallmark pathways correlated with NK cell abundance
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382  Figure S16. Top hallmark pathways correlated with Stroma score
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