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Abstract
Background: The malignant phenotypes of cancer are de�ned not only by its intrinsic tumor cells but also
by the tumor- in�ltrating immune cells (TIICs) activated and recruited to the cancer microenvironment.
However, a comprehensive introduction of gastric cancer (GC) immune cell in�ltration has not been
identi�ed so far.

Reuslts: In this study, we comprehensively analyzed the TIICs abundance in GC for the �rst time by
CIBERSORT. The fraction of TIICs subpopulations was also evaluated to determine the associations with
clinical features and molecular subtypes. Unsupervised clustering analysis revealed there existed three
distinct TIICs subgroups with distinct survival patterns. We also focused on analyzing the prognostic
in�uence of TIICs in TP53, TTP and PIK3CA molecular subtypes.

Conclusions: Collectively, our data explored the differences of TIICs in GC, and these variations were likely
to be important clues for prognosis and management of its future clinical implementation.

Introduction
Gastric carcinoma (GC) is the second most common cancer worldwide, which approximately accounts
for 900,000 total cases and 700,000 deaths globally per annum[1]. More seriously, the overall survival
(OS) for patients diagnosed with metastatic still less than 1 year[2]. Traditional tumor/lymph
node/metastasis (TNM) stage has been used to assess the prognosis of GC for decades. However, due to
heterogeneous group of tumor cells, the prognosis varied evidently among GC patients with the same
TNM stage[3]. The malignant phenotypes of cancer are de�ned not only by the intrinsic cancer cells but
also the TIICs which are activated and recruited to the cancer microenvironment. However, a
comprehensive introduction of GC immune cell in�ltration has not been identi�ed so far. Thus, it is urgent
to improve the comprehension of immune system in GC and management of its future clinical
implementation.

GC develops as a consequence of chronic in�ammation of the stomach lining caused by persistent H.
pylori infection[2]. The bacteria seems to exert effect on the T-helper 1 response, which is characterized by
T cell activation and IFN-γ production, leading to considerable tissue lesion[4, 5]. So far, data
accumulated are consistent in the viewpoint that immunity plays critical role in controlling GC
development and progression, and this complex process was de�ned as “immunoediting”[6].  In the
immunoediting theory, growing cancer cells �rstly are recognized and killed by innate and adaptive
immune responses; next these speci�c surviving tumor cells and TIICs reach in a dynamic balance, which
allow selective resistant tumor cells to shape “formidable” tumor clones; moreover, treg and speci�c
immunosuppressive cytokines, including IL-10, IL-8, TNF-α, IL-1β and TGF- β would promote these
resistant tumor cells growing and proliferation[6, 7].

In view of immunotherapeutic rather than anti-cancer strategies may be more effective than conventional
therapy, several immune checkpoint inhibitors have revolutionized entering into clinical cancer treatment.
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Breakthroughs in immune modulating therapies are currently changing the landscape of oncotherapy,
particularly for GC. For example, the introduction of immune checkpoint inhibitors targeting CTLA-4 and
the pathways of PD-1, have already conducted in the immunotherapy of GC[8]; adoptive immunotherapy
targeted tumor-associated lymphocytes combined with chemotherapy showed a novel prognostic value
over chemotherapy alone in advanced GC patients [9]. However, we ignored that there also exist many
futile immune treatments and serious adverse reactions in patients with checkpoint inhibitors design.
Building on this complex situation, a key step is urgent to provide an in-depth overview of GC TIICs, which
brings about a profound understanding of the underpinning regulatory mechanism.

However, the traditional techniques analyzing the immune cell composition of tumors, including
immunohistochemistry (IHC) and �ow cytometry, have characteristic of many shortcomings. The
contribution of TIICs subgroup to either the pathogenesis or protection in the stomach environment has
been di�cult to elucidate. Nowadays, the biology tool CIBERSORT employs deconvolution of gene
expression data to estimate the fractions of 22 TIICs, which could precisely calculated the diversity and
the landscape of TIICs[10, 11]. The method was successfully validated by FACS, and used for
determination of the immune cell landscapes in several malignant tumors such as colon, melanoma, lung
and breast cancers[12, 13]. In this study, we applied CIBERSORT, for the �rst time, to quantify the 22 TIICs
subsets of immune response in GC in order to investigate the relationship with molecular subpopulation,
survival, and clinical features. It is hoped that this immune landscape could provide a more accurate
understanding for gastric cancer development and tumor molecular subtype therapy.

Materials And Methods
2.1 Data acquisition

GC gene expression data with relevant clinicopathological data were collected from the TCGA dataset up
until June 2019. Only patients diagnosed with GC, with clinicopathological and survival information
available, were included for follow-up study. RNAseq data was processed and quality control via limma
package. Then, we screened GC microarray in GEO database (http://www.ncbi.nlm.nih.gov/gds/) up until
June 2019. We searched “gastric cancer” and "Homo sapiens" term for the selection of the suitable
datasets. The general work algorithm of the GEO database was summarized in the Fig S1. All studies
with gene expression data (containing at least 20 samples) from primary human gastric tumours were
considered eligible, with no speci�c exclusion criteria applied. GEO RNAseq data was also processed and
qualitied control via limma package, setting P ≤ 0.01, fold change ≥ 1.5 as the cutoff line. In total, we
gathered 14 cohorts of samples for this study: GSE2685, GSE13911, GSE26899, GSE29272, GSE37023,
GSE54129, GSE66229, GSE112369, GSE84426, GSE84437, GSE26942, GSE84787, GSE65801 and
GSE79973 (detailed described in the table 1). Details of the design were illustrated in Figure 1 �owchart.
Affymetrix SNP 6.0 arrays were downloaded from TCGA. SNP array data were normalized based on
Corrected Robust Linear Model with Maximum Likelihood Distance” algorithm, setting 0.05 as the
threshold[14].



Page 4/24

2.2 Calculation of TIICs abundance and immune score

CIBERSORT is a gene expression-based deconvolution algorithm combined with LM22, which was used
to characterizing immune cell composition via a series of barcode gene expression values. Thus, we
calculated the relative proportions of 22 TIICs abundance via the CIBERSORT algorithm. CIBERSORT P-
value represented the con�dence value of each sample results. In order to estimate the effect of
calculation bias, we randomly deleted gene group in increments of 10% until 10% of genes remained. The
accuracy of the TIICs proportions were precise while variable was limited to cases with CIBERSORT P ≤
0.05 and barcode genes >40% (�gure S3). The value of root mean squared error (RMSE) represented the
geometric mean of GZMA and PRF1, which was another established measure for immune cytolytic
activity assessment[15]. We also used ESTIMATE algorithm to assess tumor immune score, which
quanti�ed the immune activity (or immune in�ltration level) as its gene expression pro�les[16].

2.3 meta-analysis

We comprehensively analyzed and summarized characterizing TIICs composition in GC, so as to make
more scienti�c conclusions. We conducted meta-analysis via Review Manager, which provided an overall
effect estimate of the heterogeneity of effects across a series of chips. Continuous outcomes were
estimated as standard mean difference with 95 % con�dence interval. Continuous outcomes were
estimated as standard mean difference with 95 % con�dence interval (CI).

2.4 Statistical analyses

The enrichment scores of speci�c immune term were quanti�ed by ssGSEA in the R package[17]. The
speci�c markers for each immune gene set were listed in table S1. We also detailedly explored the
relationship between TIICs and pro-in�ammatory cytokines (MMP7, PTGES, PLAT, IL-33, LGNM, TLR2,
CD276, SCARB1, ICAM1, CCND1, TNFRSF2A, ITGA2, TIRAP, CXCL10, CXCL9, AIM2, PLA2G2D),
in�ammatory cytokines (CD19, CXCL13, IL12A, IL12B, CCL5, CD8B, IFNG, CXCL10, CXCL9,GNLY, IRF1 and
PRF1) and check point recognition (IDO2, TIM-3, IDO1, PDL-1, CTLA4, LAG3 and TIGIT). Associations
between inferred proportions of TIICs and immunoreactions were tested using pearson correlation. GC
patients with CIBERSORT P ≤0.05 were included in the following survival analysis. The associations of
TIICs and corresponding survival state were evaluated using Log-rank test in univariate Cox regression.
To assess the association between immune in�ltration and clinical features, we compared its expression
via Rank sum test. Sample with qualitatively diverse TIICs patterns were also grouped using hierarchical
agglomerative clustering. We combined the Elbow method and the Gap statistic to explore the likely
number of distinct immune clusters in the data. This method rationally distributes each sample into a
data frame, and �nds the closest (most similar) pair of clusters and merge them into a single cluster. The
associations between immune clusters and clinical e�cacy were tested using log- rank test. Next, we
detailed analyzed survival effect of each TIICs composition. All analyses were calculated using R version
3.5.2 and Graphpad Prism 6. All statistical tests performed were two sided, and the P values ≤0.05 were
considered as statistical signi�cance.
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Results
3.1 The landscape of characterizing TIICs composition in GC

CIBERSORT coupled with LM22 allows for highly sensitive and speci�c discrimination of human TIICs
composition, and it has been applied in previous researches[18-20]. We �rstly conducted CIBERSORT to
systematically describe the constituent pattern of GC immune microenvironment. As shown in the �gure
2A-2C and �gure S2, the TIICs in GC tissues substantially differed from that of normal gastric tissue. In
particular, plasma cells and T cells CD4 memory resting were most frequent in normal tissue; whether
macrophages M0 and macrophages M1 were most frequent in GC tissue (�gure 2B). In order to evaluate
the effect of P-value and barcode genes, we then calculated the CIBERSORT outcomes where barcode
genes were randomly removed in increments of 10%[20]. Obviously, the P- value was sensitive to lessen
the selection bias of barcode genes (Figure 2D and �gure S3).

3.2 meta-analyze of the proportions of TIICs

To con�rm the accuracy of above results, we inferred its accuracy in other independent RCC datasets
both containing adjacent normal and GC specimens. GEO dataset gene expressions were measured by
various platforms, as detailed in Table 1(except GSE84426 and GSE84437). In total, 1542 GC and 416
normal cases were enrolled in the subsequent analyses. We pooled different platform datasets and wiped
out binding batch effect. Bar charts summaried TIICs subpopulations and CIBERSORT p-value by study
(�gure S4). Obviously, although above chip pro�les were obtained from different specimen sources and
platforms, the abundance of TIICs subpopulation did not show evident cohort bias. Furthermore, the
relative proportions of 22 TIICs subpopulation were also compared between these two independent
datasets (containing TCGA and GEO), and their distribution showed a high degree level of consistence
(Figure 2E-2F, P < 0.001).

  meta-analysis is a e�cient and effective standard method for summarizing the results of many studies
than subjective judgment. So, we conducted meta-analyze for each signi�cant TIICs composition.
Notably, the plasma (SMD =-1.18; 95 % CI, − 1.32 to -1.04; p < 0.0001) and mast cells resting proportions
(SMD =-0.71; 95 % CI, − 1.68 to 0.27; p = 0.16) exhibited a decrease trend in the case group of GC patients;
the T CD4+ memory activated (SMD =1.30; 95 % CI, 0.63 to 1.97, p < 0.0001), T cells follicular helper
(SMD =0.31; 95 % CI, -0.19 to 0.82, p = 0.23) , T cells regulatory (SMD =0.53; 95 % CI, 0.21 to 0.84, p =
0.001), macrophages M1 (SMD =2.69; 95 % CI, 1.62 to 3.76, p < 0.0001), macrophages M0 (SMD =6.42;
95 % CI, 4.23 to 8.62, p < 0.0001) and mast cells activated (SMD =0.98; 95 % CI, 0.46 to 1.50, p = 0.0002)
proportions exhibited an increasing trend in the case group of GC patients. In brief, these meta-analyze
outcomes combination with prior studies demonstrated that our CIBERSORT results were powerful
enough to precisely discriminate TIICs subpopulation in GC patients. 

3.3 CIBERSORT p-Values Re�ect the Proportion of TIICs in GC
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A greater proportion of TIICs would generate a corresponding smaller p-value, which could meticulously
re�ect the proportion of TIICs versus non-immune cells. Then we explored CIBERSORT P-Values against
immune cytolytic activity. Rooney et al de�ned the geometric mean of GZMA and PRF1 as cytolytic
activity [15]. As shown in the �gure 4A, strong relation existed between cytolytic activity and different P-
value thresholds in both the GEO and TCGA datasets. On the other hand, cytolytic activity also had
moderate correlation with the proportions of different TIICs subpopulations (�gure 4B). As concretely
shown in the �gure 4C, cytolytic activity was mostly correlated with the proportion of T cells CD4 memory
activated (Pearson correlation = 0.59) and T cells CD8 (Pearson correlation = 0.52).

Considering the important role of the TIICs composition in cancer progress, we then investigated their role
in carcinogenesis. Common cancer immune signature processes include MHC class, HLA expression,
check point recognition, IFN response, APC recognition, in�ammation promotion and parain�ammation.
We obtained the set of genes relative immune pathways from KEGG[21] , and applied the single-sample
gene-set enrichment analysis (ssGSEA) to quantify these immune signatures. We surprisingly discovered
that immune cells exerted multiple effects on different immune responses in GC (�gure 4D). Then, we
detailedly explored the relationship between TIICs and pro-in�ammatory cytokines, in�ammatory
cytokines and check point recognition. As can be seen from �gure 4D, T cells CD4 memory activated, T
cells CD8 and macrophages M1 played signi�cant functions in above immune reaction.     

3.4 Distribution of Proportion of TIICs and their clinical characteristics

Immune scores calculated based on the ESTIMATE algorithm could facilitate the
quanti�cation of the immune cells. Based on ESTIMATE algorithm, we calculated each GC patient
immune score, ranging from -2862 to 2826. Setting median immune scores as the cutoff line, we divided
the patients into high- and low- immune groups. As shown in the �gure 5A, high immune score group was
associated with poorer survival (P = 0.064 in log-rank survival test). The average immune scores of
diffuse subtype GC cases ranked the highest of all 5 subtypes, followed by that of mucinous subtype,
and signet ring subtype (�gure 5B). Since Hp infection is a powerful factor participating in GC
development, we detailedly analyzed its effect. As shown in the �gure 5B, HP infection strongly improved
the immune scores of GC patients. To further explore the relationship between GC progression and
immune scores, we plotted the distribution of immune scores based on the TNM stage. As shown in the
�gure 5C, immune score accumulates with the GC advanced progression. In a word, immune score may
serve as newly developing biomarkers for GC subtype classi�cation. Based on the classi�cation provided
by Asian Cancer Research Group, MSI, TTP and TP53 are the newly biological characteristics for GC
classi�cation and treatment. When the defective mismatch repair system is defective, it results in
mismatched mutations in the genome, especially in the repeating DNA (microsatellite) region, which
leads to microsatellite instability (MSI). Thus, we conducted exploratory subgroup analyses immune
score by molecular subtype de�ned by TTP, TP53 and MSI. As shown in the �gure 5D, mutation of TP53,
TTP and MSS reduce GC patient immune scores.
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To achieve a better overview of immune subpopulation clinical characteristics, strati�cation analyses
were performed in the entire TCGA cohort of GC patients grouped by clinical characteristics. In view of
smaller P- value represented the greater con�dence of sample, we selected cases with a CIBERSORT p ≤
0.05 for follow-up analysis. As shown in the �gure S5A, the proportion of mast cells resting, macrophages
M1, T cells regulatory, T cells CD4 memory activated and T cells CD8 were increased accompany with
advanced tumor grade; yet mast cells activated, macrophages M0 and neutrophils were down-regulated.
Macrophages M1, macrophages M2 and eosinophils can also function in diagnosing GC T stage (�gure
S5B). To further con�rm TIICs clinical value, we applied the validation cohort in GEO datasets provided
with clinical information. We only found GSE26899 possess both mRNA expression data and clinical
information. As shown �g S6A-S6B, there was a similar Macrophages M1 and Macrophages M2
component tendency in the validation cohorts (The proportion of eosinophils was too tiny to analyze).

3.5 Immune clusters associated with GC prognosis

On the base of many �ndings, the Proportion of TIICs subgroups partly re�ects the GC prognosis. Thus,
we performed distinct patterns of immune in�ltration analyzed by hierarchical clustering of all samples.
Restricting follow-up calculations to samples with CIBERSORT P ≤ 0.05, there were 440 patients with a
median follow-up of 493.78 days for GC. Detailed results were provided in Table S2. We �rstly performed
hierarchical clustering analysis for each sample and selected the optimal number of clusters by
combining Elbow method and Gap statistic method. The scatter diagram identi�ed three well
independent clusters (�gure 6A-6B). Cluster1 were de�ned by relative high level of T cells CD4 memory
resting, low level of T cells CD4 memory activated, T cells CD8 and Macrophages M0. Moreover, these
three immune clusters were closely correlated with distinct survival pattern(Figure 6C).

Now that we have con�rmed the close association with immune clusters with GC prognosis, we further
concretely investigated the association of each TIICs subpopulation statistically with GC overall survival
and PFS by Cox regression analysis. As shown in the �gure 6D, T cells follicular helper (OR: HR=1.31,
95%CI=1.25-1.48, P=0.13; PFS: HR=1.47, 95%CI=1.05-2.18, P=0.048), T cells CD4 memory activated (OR:
HR=1.55, 95%CI=1.11-2.17,P=0.0093; PFS: HR=1.73, 95%CI=1.16-2.58, P=0.00097) were signi�cantly
associated with poor overall survival and PFS, whereas B cells naïve (PFS: HR=0.57, 95%CI=0.36-0.88,
P=0.011) was correlated with improved PFS. In line with the hierarchical clustering outcomes, TIICs
subpopulation, specially for Macrophages subgroup, T cells follicular helper and T cells CD8, made great
contributions to tumorigenesis

3.6 Prognostic Subsets of TIICs in GC molecular subtypes

Epstein-Barr virus infection and the microsatellite instability subtype (respectively accounting for 9% and
22% of cancers in TCGA cohort[22]), have been proven momentous immunological signi�cance for GC
clinical therapy. EBV-positive cancer is characterized for frequent PIK3CA mutations[22]; MSI tumor is
characteristic of hypermutated, chromosomal instability and TP53 mutation[23]. It has been proven that
SNPs were closely associated with GC risks and prognosis. As shown in the �gure S7, TTN and TP53
were the most characteristic SNP gene in GC. Combined with the above conclusions, we conducted
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exploratory PI3K, TTN and TP53 subgroup analyses of the prognostic effect of 22 TIICs subgroups. As
shown in the �gure S8A, there was a signi�cant different proportion of T cells CD8, T cells CD4 memory
resting, T cells CD4 memory activated, T cells follicular helper, T cells regulatory, T cells gamma delta, NK
cells activated, Macrophages M0, Macrophages M1 and neutrophils in PI3KCA mutant and wildtype
(P≤0.05, table S3). There was also a signi�cantly diverse distribution of TIICs in TP53 and TTN wild and
mutant GC patients (Figure S7B-7C and Table S4-S5).

We next carried out subgroup exploratory analyses of the prognostic effect of 22 TIICs subsets by
molecular subgroup de�ned by PIK3CA, TP53 and TTP based on TCGA classier. As shown in the �gure 7,
T cells follicular helper showed the strong association with poor outcome in TTP mutant (HR=1.75, 95%
CI 1.04–2.94) and TP53 wildtype (HR=1.57, 95% CI 1.01–2.34). In contrast, dendritic cells activate and T
cells regulatory respectively associated with poorer outcome in the TTP wildtpye and TP53 mutant. Most
strikingly, monocytes and polarization macrophages have the most effect in SNP‐related gastric patients,
with the largest effect observed monocytes in the TP53 mutant GC (HR=0.51, 95% CI 0.3–0.86). Similarly,
B cells naïve show association with better outcome in the TP53 wildtype (HR=0.65, 95% CI 0.42–0.96).
Collectively, these results indicated that there existed considerable variability in the nature of the immune
system across GC—partly determined by key molecular characteristics of the primary cacner—and that
this exert signi�cant effect clinical outcome.

Discussion
Approximately 20% of tumor deaths worldwide are associated with unresolved infection or chronic
in�ammation[24]. Chronic in�ammation has been proven associated with pancreatic cancer, colorectal
cancer, hepatocellular carcinoma, cervical carcinoma, gastric cancer and etc[24, 25]. In addition to
malignant cancer cells, immune cells have also been regarded as essential components in the
tumour progression [26]. The improved survival was proven in tumor treated with immunotherapeutic
strategies, which highlighted the importance of the immune cell in cancer microenvironment. For
example, immunotherapeutic specially for PD-1 by pembrolizumab monotherapy, have achieved
signi�cant effects on prolonging the survival of solid tumours, such as renal cell carcinoma, melanoma,
non-small-cell lung carcinoma, cervical cancer and triple-negative breast cancer [27-29]; immunological
marker has been used as a prognostic marker and targeted with speci�c immunotherapies in colorectal
cancer, melanoma and breast cancer [30, 31] .

As for GC, the majority of patients are developed as a consequence of persistent infection with H.
pylori[32]. H. pylori -induced chronic gastritis is characterized by Th2 immune response to revitalite B cells
in the pathogen-driven gastritis[33];It has been found that H. pylori could be recognized by CD4 activated
T cell and CD8 activated T cell and then cause IFN-γ production, leading to considerable tissue
damage[5]. It is well recognized that there exists marked different types of TIICs in GC, which are
signi�cantly associated with tumor progression and survival. For example, it has found that the
percentages of NK cells in GC were signi�cantly decreased, and lower percentages of tumor-in�ltrating
NK cells were positively correlated with poor survival and disease progression[34]; Foxp3 + CD4 + ICOS +
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effector Tregs (eTregs), which was characteristic of suppressive functions, was abundant in advanced
GCs [35]; the study concluded that the numbers of CD8 + , FOXP3 + , CD3 + , CD57 + , CD20 + , CD45RO + ,
Granzyme B + and T-bet + in�ltrating lymphocytes were closely related with improved survival in GC[36].
These large body of evidences suggest pivotal roles for However, the results obtained in GC
immunotherapies are still unsatisfactory, and the majority of novel immunotherapies are still in the early
phases of clinical investigation. Several factors block the development of immunotherapeutic strategies
in GC. Owing to the technical limitation, immunohistochemistry and �ow cytometry could not precisely
identify TIICs subpopulation and frequently lead to inconsistent results in clinical researches. The
contribution of TIICs to either the pathogenesis or protection in the GC has been di�cult to elucidate.
Thus, a comprehensive systematic assessment of the immune landscape is needed to make more
accurate understanding for gastric cancer development, compared with single-factor predictors.

By conducting computer-based analytical method to public genomic data, it is now possible to overcome
the shortcomings of traditional immunohistochemistry- based method, and to precisely �gure out TIICs
subpopulation[15]. CIBERSORT, as an emerging technologies, has been conducted in breast cancer, lung
cancer, colorectal cancer, melanoma and leukocyte. We �rstly performed of CIBERSORT in GC, with the
order to assess the immune landscape. We downloaded overall data from TCGA and GEO dataset, it was
possible generate a precise investigation of the immune response in GC. Our study �rstly revealed the
detail of in�ltration of 22 TIICs subgroups in GC. The most common TIICs in gastric cancer tissues were
macrophage M0 and macrophage M1; whereas plasma cells occupied the biggest proportion in normal
gastric tissues (�gure 2A). Researchers also found that the macrophages constitute one of the most
abundant immune cell populations in the GC microenvironment[37]. In total, there exists 8 different TIICs
subpopulation in GC development. We also obtained the same TIICs proportion alteration in systematical
meta-analyze (�gure 3). Surprisingly, these above conclusions are consistent with the previous results
reported in the relevant study. Previous experiments have shown that M1 macrophages activating by IFN-
γ and microbial components, contributes to the pathogenesis of the gastric mucosa via Wnt/β-catenin
signaling[23, 38]. Tregs was more abundant in late stage GCs at the tumour margin and inside itself[38].
B-cell has been proven produce antibodies against tumor antigens, and activates speci�c B-cell subgroup
that secrete anti-in�ammatory factors, thus resting B cells could inhibit the development of gastric
cancer[39].

As increasing evidences have suggested the clinical importance of immune in�ltration in GC
development. Thus, we also made comprehensive analysis of the clinical impact of the immune cell,
which may help clinicians predict patient outcomes more reliably and precisely. We discovered Tfh and T
cells CD4 memory activated were associated with poorer overall survival and PFS, but that B cells naïve
was opposite for PFS. Treg mainly functions in maintaining immunological tolerance to self-antigens and
suppress excessive immune responses, which inhibits cytotoxic lymphocytes and natural killer (NK)
cells[38]. Previous experiments have shown that T cells follicular helper promotes tumour progression by
secreting TGF-β and IL-17[40] , however, tumor-in�ltrating Tregs in gastric cancer tumors have been
reported to express little TGFb1[34]. Further study associating with the exact role and relative regulation
mechanism of Tregs is required. It has been reported that 1macrophages may either pro-tumorigenic
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effects accelerating cancer development, or anti-tumourigenic effects according to differentiation
patterns into M1 or M2 subtypes [41]. Macrophages have been found may in�uence the aggressiveness
and prognosis of GC patients. Macrophages increasing in the GC is associated with poor outcome[42,
43]. Essentially the same results were obtained in our analysize. GC is likely to contain different
differentiation pattern of macrophages along with the cancer development (�gure 5). Higher proportions
of macrophages M1 and M2 were associated with advanced GC, suggesting that they may have
discernible effect on GC development. Collectively, these �ndings demonstrated the potential function of
tumour-associated macrophages as marked biomarkers in GC. Treatments combating the tumour
macrophages are already in early phase clinical trials, which block CSF1 signalling by targeting colony
stimulating factor 1 receptor [44].

We also found that Treg is strongly associated with GC progress and shorter overall survival. Tregs play
key role in adaptive immune response and are also involved in H. pylori-related in�ammation and
bacterial persistence[22, 45]. Tregs normally maintain immunological tolerance and suppressing
excessive immune responses by inhibiting cytotoxic lymphocytes, helper T activity and NK cells[36].
Whether Tregs exerted tremendous effect in GC-speci�c immunity-dependent mechanisms is uncertain,
but there were some evidences for cancer speci�c responses triggered by Tregs, as well as observations
of an association with clinical outcome across solid tumours. Recent study demonstrated that Treg was
related with advanced GC progression and reduced patient survival[46]. Tumor in�ltrating Tregs is
abundant in advanced GC tissues, which produce IL-10, and further inhibit the proliferation of responder
CD8 activated T cells[47]. Treg could also suppress the epithelial cell-initiated in�ammatory response,
which leads to bacterial overgrowth and ulcers. The accumulation of Tregs function in preventing
carcinogenesis, but it may contribute GC progression and metastasis in already established tumors[47].
Thus, modulation of the regulatory function of Treg cells may be an important avenue to improve
antitumor immune activity.  

The wide-range apply of immunotherapy is revolutionizing the classi�cation and treatment paradigms for
GC. Evidently, the classi�cation of GC is progressively transforming from a histological to a more pinpoint
molecular clustering. For example, TCGA proposed to classify GCs into four main subgroups, basing on
six molecular biology approaches: EBV-positive cancers featured by frequent PIK3CA mutations and PD-
L1/PD-L2 expression level; microsatellite instability  tumors frequently hypermutated; chromosomal
instability tumors that are frequently TP53 mutated with RTK-RAS activation, with a high rate of CNV; and
genomically stable cancers frequent altered motility and mutations in the adhesion molecules[48]. Asian
Cancer Research Group also provided newly biological characteristics for Asian GC patients:
Mesenchymal subgroup, MSI subgroup, Microsatellite Stable TP53 positive and MSS TP53- tumors[49].
Thus, we focused on analyzing the prognostic in�uence of immune cells in TP53, TTN and PIK3CA
molecular mutant subtypes. As shown in the �gure S7, immune in�ltration cells have a sweeping effect
of the survival of TP53 and TTN mutant subgroup. The TP53 gene is by far the most frequently mutated
gene in human cancer[50]. However, the majority of TP53 mutations in cancer (75%) are missense
mutations[50]. The exact mechanisms of mutant p53-mediated tumour development are not fully
understood. We speculate that immune in�ltration cells may function in reactivating mutant p53 and
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restore normal p53 function[51, 52]. Also immune in�ltration cells may regulate tumour cell environment
to potentiate the reactivation of mutant p53 function (Targeting mutant p53 for e�cient cancer therapy). 
Immunotherapy may be a promising therapeutic approach for these speci�c subtypes of GC patients.

In general, improvements in the GC immune cells characterization may also function in identifying
patients who could bene�t from targeted therapy, and novel data suggest that immunotherapeutic
approaches might represent an emerging opportunity. In summary, our analysis of 22 immune cell
subsets in GC has revealed signi�cant relation with cancer progress, as well as highlighting possible
targets for future immunotherapy study. This was a large analysis of GC from a great breadth of studies
in which we enumerated the immunoreaction in detail. Hence, our conclusions are con�dently reliable and
credible. Despite abundant outcomes obtained form this present study, there still exist several
disadvantages. Although systematically combined TCGA and GEO genomic data, we still could not
eliminate cohort bias and heterogeneity exist in this analyze, which reduces the reliability of results. On
the other hand, though the results were statistically compelling, all �ndings and conclusions were derived
from database. We have started to validate its con�dence in GC tissues and cell lines. We have taken
effect to build specimen bank of GC, and to explore the function and distribution of tumour-in�ltrating
immune cells.
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Table 1 The detailed information of GEO chips
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Accession Platform Number of normal samples Number of cancer samples

GSE2685 GPL80 8 22

GSE13911 GPL570 31 38

GSE26899 GPL6947 12 96

GSE29272 GPL96 134 134

GSE37023 GPL96 40 114

GSE54129 GPL570 21 111

GSE66229 GPL570 100 300

GSE112369 GPL15207 6 36

GSE84426 GPL6947 0 76

GSE84437 GPL6947 0 358

GSE26942 GPL6947 12 205

GSE84787 GPL17077 10 10

GSE65801 GPL14500 32 32

GSE79973 GPL570 10 10

Total 1958 416 1542
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Figure 1

Flowchart of the overall study design.
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Figure 2

The performance of CIBERSORT for characterizing TIICs composition in GC. A. The proportions of TIICs
subpopulation in normal and gastric cancer tissues. B. Quanti�ed changes of in�ltrating immune cell
composition in normal and gastric cancer tissues. C. Violin plot of 22 TIICs subpopulation in normal and
gastric cancer tissues. D. Box plot of the distribution of CIBERSORT P- value and Pearson’s correlation
using datasets with progressively fewer (10% increment) cases. E. The proportions of TIICs
subpopulation in TCGA and GEO gastric cancer tissues. F. Comparison of TIICs subpopulation in two
independent datasets
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Figure 3

meta-analyze veri�ed aberrant TIICs composition in GC
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Figure 4

CIBERSORT P- values re�ect the immune cytolytic activity A. The association between immune cytolytic
activity and CIBERSORT P- value. B-C. Correlation bewteen immune cytolytic activity and 22 immune cell
proportions in the TCGA cohort. D. ssGSEA quantify diverse immune signatures: Correlation of matrix of
all 22 immune cell proportions and immune signatures.
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Figure 5

Immune scores were correlated with GC survival and subgroups A. The Kaplan‐Meier survival curve of GC
patients' overall survival (OS) based on immune scores; B. the distribution of immune scores of GC
subtypes and HP infection; C. the distribution of immune scores of grade, T stage and pathological stage;
D. the distribution of immune scores of speci�c mutant.
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Figure 6

Immune clusters associated with GC prognosis A. Consensus matrix heatmap de�ned three clusters of
samples for which consensus values; B. Scatter diagram showed the principal components variation of
each patient, according to the cohort to which they belong; C. Kaplan-Meier survival analysis of patients
within different clusters; C. Prognostic associations of TIICs subpopulation. D. Forest plot summary of
analyses of TIICs subpopulation in overall survival and disease- free survival.
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Figure 7

Prognostic associations of TIICs subpopulation Forest plot summary of analyses of TIICs subpopulation
overall survival in TTN(A), PI3KCA(B) and TP53(C) subgroup.
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