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Abstract
Purpose

Gastric carcinoma (GC) is one of the most common cause of tumor-related death. Chemotherapy
resistance usually occurs, leading to cancer relapse and poor survival of GC patients. To investigate the
role of miRNAs in chemotherapy resistance for GC patients, we conducted an integrated analysis of
miRNA expression and survival information using data obtained from the TCGA project.

Materials and methods

Genome-wide screening of chemotherapy response-speci�c miRNAs was performed using Cox
proportional hazards regression analyses for patients received chemotherapy or those had never received
chemotherapy, respectively. CCK-8 assay was used for assessing cell viability. GSEA and single sample
GSVA were performed for functional enrichment analysis. CIBERSORT cellular composition analysis was
used to infer immune cell populations in GC tumors.

Results

A four-miRNA expression signature involving miR-130, -152, -199 and -200b was predicted as a speci�c
indicator for GC chemoresistance (P = 0.00053; hazard ratio = 8.63), outperforming those
clinicopathological factors. Functional experiments con�rmed the roles of these signature miRNAs in
regulation of chemotherapy response. Functional enrichment of these signature miRNAs and risk score
revealed positive association with epithelial-mesenchymal transition (EMT), and negative association
with cell cycle checkpoint and DNA damage response. Furthermore, the immune in�ltration-miRNA
functional network analysis revealed transformation from activated effector cells to resting
immunosuppressive cells are preferred in GCs with adverse chemotherapy response.

Conclusions

Our work identi�es a four‐miRNA expression signature as a promising chemoresistance biomarker in
gastric carcinoma, which provides novel insights into developing new strategies to overcome GC
chemoresistance.

Background
Gastric carcinoma (GC) is one of the most common causes of cancer-related deaths worldwide[1].
Although surgical removal is still the most effective way to treat gastric carcinoma, many GC patients
have progressed to an advanced stage or have inoperable disease when they are diagnosed. Randomized
trials have now established chemotherapy as standard adjuvant therapies[2]. There remain, however,
signi�cant divergence of clinical outcomes for GCs receiving adjuvant therapy[3]. Thus, identi�cation of
prognostic biomarkers is critical for guiding further treatment.
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microRNAs (miRNAs) are a family of small (~22 nt) non-coding RNAs that function as posttranscriptional
regulators of gene expression[4]. MiRNAs bind the 3’untranslated region (UTR) of the target mRNAs by
base pairing, resulting in degradation and translation repression of mRNAs[4]. Increased studies have
provide su�cient evidence revealing that miRNAs not only play crucial roles in normal developmental
events, but also are widely involved in the development and progression of cancer types[5] through
regulating expression of cancer-related genes implicated in cancer stem cell (CSC) maintenance, cancer
cell metastasis and drug resistance[6,7]. However, our understanding on the roles of miRNAs in
chemotherapy response remains limited.

There are many miRNAs that have been identi�ed as oncogenic molecules or tumor suppressor[8]. Some
miRNAs are very stable so that they could persist in peripheral blood. Therefore, numerous studies
focused on miRNAs to discuss their relationship to both cancer cell biology and clinical practice. MiRNA
pro�ling screenings have also been performed in various types of cancers including GC to identify
prognosis-associated miRNAs as biomarkers to predict outcomes in patients. Chemotherapy resistance is
the main obstacle to improve the survival rate of gastric cancer patients[9]. Several groups investigated in
the role of miRNAs in drug resistance of gastric cancer, and revealed that high expression of some
miRNAs like let-7g and miRNA-200c indicated sensitivity to chemotherapy[10],[11]. In addition, some
studies have also been carried out on the prediction of chemotherapy response by speci�c miRNA
expression signatures. However, most of the studies focused on prognosis-related single miRNA or
signature, the relationship between miRNA expression pattern and adjuvant chemotherapy was
unexplored. Therefore, whether these mentioned miRNAs can be used to predict adjuvant chemotherapy
response remains largely unknown.

We speculated that the difference of molecular biomarker expression pattern may represent the cause of
prognosis variation in patients undergoing chemotherapy. Thus, our study aimed to identify and verify the
miRNA biomarker that predict the chemotherapy response of GC patients using an integrated method. In
this study, we performed an integrative analysis of whole-genome miRNA expression using data from The
Cancer Genome Atlas (TCGA). We discovered a 4-miRNA signature-based risk scoring model to predict
the adjuvant chemotherapy response of GC patients, which markedly outperform the clinical variables.

Materials And Methods
Patients and omics data

A total of 384 GC patients was included in the TCGA GC cohort. The miRNA expression datasets of the
TCGA gastric cancer cohort were obtained from the by using UCSC Xena browser
(https://xenabrowser.net/). The clinical information and chemotherapy information were also
downloaded from the TCGA dataset. The reads per million (RPM) mapped to each mature miRNA was
considered as the expression level. Those miRNAs with RPM less than 0 in at least 50% of samples were
discarded. Finally, we obtained a total of 544 miRNAs survived in the �ltering process and subjected them
to log2-transformation for subsequent analyses.

https://xenabrowser.net/
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Identi�cation of prognosis‐related miRNAs speci�c for GC patients under adjuvant chemotherapy

To identify prognosis-related miRNAs in the TCGA GC cohort, we �rst performed univariate Cox
proportional hazards regression analysis for each miRNA based on groups (high- and low-expression
groups) according to the median value of the expression levels in the patients with or without adjuvant
chemotherapy. Then, those miRNAs with signi�cant prognostic values in patients under adjuvant
chemotherapy, but not patients without adjuvant chemotherapy, were subjected to construction of
predictive model by using multivariate Cox proportional hazards regression analysis.

Construction of prognosis-associated signature and nomogram

Least absolute shrinkage and selection operator (LASSO), a parameter selection method that manage
high-dimensional regression variables with no prior feature selection step by shrinking all regression
coe�cients and forcing many variables to be exactly zero, was used to select the optimal miRNAs for
predictive model construction. The penalty regularization parameter l was determined by the 10-fold
cross-validation by using R package “glmnet”[12]. Finally, on the basis of the miRNA expression weighted
by the coe�cients generated by LASSO penalized regression, a four-miRNA signature was identi�ed with
the most minimum lambda value. The risk score for each patient was calculated as: Score = L1×Exp1+
L2×Exp2 +…+ Ln×Expn, where Expi indicates the expression levels of the miRNAs and Li indicates the
LASSO coe�cients. Time-dependent receiver operating characteristic (ROC) curve (survivalROC [13]
package in the R platform) was used to assess the predictive accuracy of the prognosis-associated
signature. The “rms” package in the R was used to construct the nomogram based on the clinical
parameters and the four-miRNA prognostic risk score in GC patients under adjuvant chemotherapy.

Cell lines

Brie�y, eight GC cell lines, MKN45, MKN28, SNU16, SNU5, SNU1, HGC27, and AGS, and a human gastric
mucosal cell, GES-1, were all commercially obtained from the American Type Culture Collection (ATCC).
All cells were maintained in complete Dulbecco's Modi�ed Eagle’s medium (DMEM, Thermo Fisher
Scienti�c, USA) containing 10% fetal bovine serum (FBS, Thermo Fisher Scienti�c, USA), 100 units/ml
penicillin, and 100 units/ml streptomycin under 5% CO2 in a humidi�ed atmosphere at 37℃.

Quantitative Real-Time PCR (qRT-PCR) analysis

TRIzol (Thermo Fisher Scienti�c, USA) was used to extract total RNA according to the manufacturer. The
extracted total RNA was screened for purity and concentration was screened in a NanoDrop™ One
(Thermo Fisher Scienti�c, USA). 1 ug total RNA of indicated sample was used to synthesize cDNA with
miScript II RT kit (Qiagen, Germany). To determine the expression of miR-199b, miR-152, miR-200b and
miR-103a, SYBR Green PCR master mix (Takara, Janpan) was used and real-time PCR reactions were
conducted in triplicate using StepOnePlus Real-Time PCR System (ABI, USA). The U6 was used as
endogenous controls.
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Proliferation assay

Proliferation assays of GC cells were performed using 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium
bromide (MTT) reagent following the instructions. Brie�y, GC cells used for MTT assays were plated at a
density of 5 × 103 cells/well in a 96-well plate in 200 μl of complete DMEM medium per well. Between 24-
120 h of incubation, 25 μl of 4 μg/μl MTT (Sigma, USA) was added to each well at a �nal concentration
of 0.5 μg/μl. After a 2-4h incubation at 37 °C, the culture medium was gently aspirated, 120 μl dimethyl
sulfoxide (DMSO) was added to dissolve the resulting MTT formazan crystals. The optical density (OD)
value of each well was examined at absorbance of 570 nm via the enzyme-linked immunosorbent assay
(ELISA) microplate reader (Bio-Rad, USA) to measure the relative cell proliferating rate.

5-Fluorouracil (5-FU) assay

The AGS and MKN28 cells were incubated with 5-Fluorouracil for 24 h (Sigma, USA) at concentrations of
0, 0.31, 0.63, 1.25, 2.5 μg/ml. The cell viability was determined by MTT assays. Each assay was
conducted in triplicate, and the data was normalized against the OD570 value on that of control well to
measure the relative viability of each well.

Overexpression of miRNAs

The MKN28 and AGS cells were harvested and seeded into a 6-well plate at the concentration of 2×105

cells/well in complete DMEM medium. Then the cells were transfected with either miR-199b, miR-152,
miR-200b, miR-103a mimics or mimic negative control (mimic-Ctrl) at the �nal concentration of 2.5 μM
with Lipofectamine 3000 (Thermo Fisher Scienti�c, USA). All the miRNA and negative control mimics
were purchased from Ribobio (Guangzhou city). The sequences used for each miRNA used are described
below: miR-199b mimic, CCCAGUGUUUAGACUAUCUGUUC; miR-152 mimic,
UCAGUGCAUGACAGAACUUGG; miR-200b mimic, UAAUACUGCCUGGUAAUGAUGA; miR-103a mimic,
AGCAGCAUUGUACAGGGCUAUGA; mimic-Ctrl, AGUGCAUGUUAUGCCUACG.

Prediction of miRNA targets, GO and pathway enrichment analysis

Candidate target genes of indicated miRNAs were predicted using two different online databases,
including TargetScan [14] and StarBase [15]. Candidate miRNA target genes which were repeatedly
predicted by both databases were retained for further functional enrichment analysis. We used Database
for Annotation, Visualization, and Integrated Discovery (DAVID)[16] to perform Gene Ontology (GO)
enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis on the
hypomethylation‐high expression putative target genes.

Gene set enrichment analysis (GSEA)

GSEA analysis with miRNA target gene sets was carried out by GSEA software (version 4.0)[17] with
Molecular Signature Database (MSigDB) HALLMARK collection. A weighted enrichment statistic was
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used. Phenotype permutations were performed on samples with a permutation number of 1000, and
terms with false discovery rate (FDR) < 0.1 were considered to be signi�cantly enriched.

Inference of in�ltrating immune cells.

The relative proportions of 22 types of in�ltrating immune cells were inferred by using CIBERSORT
(http://cibersort.stanford.edu/) [18] in transformed gene expression data from bulk tumors of GC. The 22
immune cell types include T cells, B cells, macrophages, natural killer cells, eosinophils, neutrophils,
dendritic cells and amongst others. CIBERSORT infers immune cell type proportions with the signature
matrix (containing 547 genes) as a reference, which represents the marker genes for each cell type, by
using support vector regression [18]. The signi�cance of deconvolution for each immune cell type was
assessed by using Monte Carlo sampling with 1,000 permutations.

Statistical analysis

The χ2 test was used to compare the correlations of continuous and categorical variables between the
patients received with and without chemotherapy. Univariate proportional hazards regression analyses
were used to determine the independent prognostic variables for Overall survival (OS). To perform
survival analysis, the Kaplan-Meier method and log-rank test was used to generate and compare survival
curves. The time-dependent receiver operating curve (ROC) was carried out to assess the predictive
accuracy and sensitivity of each variable and the 4-miRNA signature. The activity of pathway was
inferred by single sample GSVA [19]. A threshold of P < 0.05 was determined as statistically signi�cant. R
version 3.4.4 were applied to the statistical analyses.

Data Availability Statement

The data that support the �ndings of this study are available from TCGA. Restrictions apply to the
availability of these data, which were used under license for this study. Data are available at
https://portal.gdc.cancer.gov/ with the permission of TCGA.

Results
Clinical signi�cance of chemotherapy in GC patients

A total of 384 GC patients was included in the TCGA GC cohort. Among the 384 GC patients, 48.7%
(187/384) had received adjuvant chemotherapy (GC-ACT), while 50.5% (194/384) didn’t receive any types
of chemotherapy (GC-NOACT), (Figure 1A). Clinical and pathological characteristics of these patients are
summarized in the Table S1. Patients were well balanced for gender (P > 0.05). Also, no statistically
signi�cant difference was observed according to primary lymph node, pathologic T, N and M stages, and
histologic grade. Adjuvant chemotherapy administration for each type of drugs were summarized as
shown in Figure 1A. The most used chemotherapy drug for GC patients is Fluorouracil (61/187, 32.6%).
Almost half of the GCs received chemotherapy gain bene�cial from chemotherapy (Figure 1B). Of note,
45.5% GCs exhibited complete response (CR) to adjuvant chemotherapy (Figure 1B). Kaplan-Meier

http://cibersort.stanford.edu/
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survival curves showed that the hazard ratio (HR) for overall survival among those who didn’t receive
adjuvant chemotherapy was 2.14 (95% con�dence interval [CI] = 1.32-3.49, P = 0.0022; Figure 1C). Taken
together, these results indicated that the adjuvant chemotherapy is an actionable treatment strategy for
GC patients.

Identi�cation of speci�c prognostic biomarkers in GC patients undergoing chemotherapy

Given the marked effect of chemotherapy for GC patients, we thus wondered whether there are prognostic
biomarkers for GCs those received adjuvant chemotherapy. As a type of widely used biomarker, miRNAs
exhibited good performance for cancer diagnosis and prognosis. We obtained the miRNA expression data
from the TCGA GC cohort. After quality control, a total of 544 miRNAs were subjected for further
analyses. To explore prognosis-associated miRNAs speci�c for GC patients received chemotherapy OS,
but not for GC patients not received chemotherapy, we conducted Cox proportional hazards regression
analysis for each miRNA in GC-ACT and GC-NOACT patients, respectively. miRNAs (n = 63) those with P <
0.05 in GC-ACT and P > 0.05 in GC-NOACT were remained.

Then, the LASSO Cox regression analysis was conducted on 63 candidates to identify robust markers. By
forcing the sum of the absolute value of the regression coe�cients under a �xed value, certain
coe�cients were shrunk to exactly zero, and the most powerful prognostic markers were identi�ed with
relative regression coe�cients. Cross-validation was applied to prevent the over-�tting of the LASSO Cox
model (Figures 2A and 2B). Four miRNAs were �nally identi�ed as independent prognostic biomarkers for
GC-ACT. These four miRNAs included miR-199b, miR-152, miR-200b and miR-103a.

Prognostic value of a four-miRNA signature risk score in GC undergoing chemotherapy

To assess the prognostic value of miR-199b, miR-152, miR-200b and miR-103a, we constructed a
prognostic signature by integrating the expression of these four miRNAs using the regression coe�cients.
The risk-score formula was as followings: risk score = (5.064341e-05 × ExpmiR-199b) + (4.946951e-04 ×
ExpmiR-152) + (-2.764529e-05 × ExpmiR-200b) + (-4.906671e-05 × ExpmiR-103a). We calculated the risk scores
of GC-ACT patients and GC-NOACT patients using above formula, respectively. The ranked risk scores of
patients in each sample set was showed as Figures 2C and 2D. Heatmaps described the expression
pro�les of these four miRNAs in sample set, and the samples were ranked according to their risk scores
(Figures 2C and 2D). Among the four miRNAs, miR-199b and miR-152 received a positive coe�cient and
acted as risk factors. The other two miRNAs with negative coe�cients, including miR-200b and miR-103a,
acted as protective factors.

To con�rm the speci�c prognostic value of these four miRNAs for GC patients received adjuvant
chemotherapy, we examined the association of each miRNAs with OS in GC-ACT and GC-NOACT patients,
respectively. As expected, Kaplan-Meier survival curves showed that high expression levels of miR-199b
and miR-152 were associated with poor survival of GC-ACT patients, while high expression levels of miR-
200b and miR-103a were associated with better survival of GC-ACT patients (Figure 2E). On the contrary,
none of them displayed prognostic value for GC-NOACT patients (Figure 2F).
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We further assessed the prognostic value of the four-miRNA signature risk model. GC-ACT and GC-
NOACT patients were classi�ed into a high-risk or a low risk group based on the median risk score,
respectively. Kaplan-Meier analysis was used to evaluate the impact of the four-miRNA signature on the
OS of GC-ACT and GC-NOACT patients, respectively. The results showed that the high-risk group had a
signi�cantly poorer OS than that of the low-risk group in GC-ACT patients (Figure 3A). We used time-
dependent ROC analysis to assess the prognostic signi�cance of four-miRNA signature risk score. The
areas under the ROC curve (AUC) for 1-, 3- and 5-year OS of GC-ACT patients were 0.777, 0.827 and 0.865,
respectively, indicating a favorable prognostic value in predicting chemotherapy outcomes (Figure 3A).
However, Kaplan-Meier analysis of the four-miRNA signature in GC-NOACT showed no signi�cant
association between the risk score and the OS of GC-NOACT patients (Figure 3B). Consistently, the AUCs
for 1-, 3- and 5-year OS of GC-NOACT patients were 0.501, 0.595 and 0.595, respectively, suggesting its
low performance in GC-NOACT patients (Figure 3B). Taken together, these results indicated that the four-
miRNA signature may thus be useful as biomarkers for prediction of chemotherapy response in GCs.

To compare the prognostic value of miRNA-based predictor and other clinical variables for chemotherapy
outcomes of GC patients, time-dependent ROC analysis was performed for 1-, 3- and 5-year survival,
respectively. The clinical variables used for comparation include age, gender, number of lymphnodes,
histologic grade, individual pathologic T, N and M stages and the combined pathologic stage. The result
showed that the four-miRNA signature risk score outperformed all the clinical variables, especially for
short-term (1-year and 3-year survival) survival prediction (Figures 3C and 3D). There is no clinical
variable exhibiting an AUC greater than 0.7 for 1- and 3-year survival prediction (Figures 3C and 3D). The
most predictive variable is the pathologic M stage for 3-year survival prediction (AUC = 0.623). For long-
term survival prediction, the histologic grade showed a relative greater performance with an AUC of 0.703
(Figure 3E). Taken together, the time-dependent ROC analyses revealed that all the predictors, either
miRNA-based signature or other clinical variables, present better performance for long-term survival
prediction than that for short-term survival prediction (Figure 3F). Of note, the four-miRNA signature
outperformed other clinical variables.

Functional roles of signature miRNAs in regulation of chemotherapy response

To explored the functional role of these signature miRNAs in regulation of chemotherapy response in GC
cells, we �rst examined the four-miRNA signature risk score in GC-ACT patients according to the clinical
response. In agree with the Kaplan-Meier survival analysis result, GC-ACT patients who gain bene�cial
from adjuvant chemotherapy (CR and PR) have lower risk scores than GC-ACT patients with no response
after chemotherapy (Figure 4A). Then, the expression levels of these four signature miRNAs were
examined in GC cell lines. Analysis of qRT-PCR demonstrated that, as compared to non-carcinoma CES-1
cells, miR-199b and miR-152 expressions were signi�cantly upregulated in GC cell lines of MKN45,
MKN28, SNU16, SNU5, SNU1, HGC27 and AGS cells (Figure 4B). Conversely, miR-200b and miR-103a
expressions were signi�cantly downregulated in GC cell lines compared to GES-1 cells (Figure 4B).
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Next, we assessed the effects of overexpression of these signature miRNAs on the regulation of GC cell
chemosensitivity to Fluorouracil. MKN28 cells, with low levels of endogenous miR-199b and miR-152,
were transfected with miR-199b mimics or miR-152 mimics under the treatment with various
concentrations of 5-Fluorouracil for 24 h. MTT assays showed overexpression of miR-199b or miR-152
signi�cantly increased the chemoresistance of MKN28 cells to 5-Fluorouracil (Figure 4B). On the contrary,
overexpression of miR-200b and miR-103a in AGS cells, with low levels of endogenous miR-200b and
miR-103a, dramatically sensitized AGS cells to 5-Fluorouracil (Figure 4B). These observations are
consistent with the prognostic role of each miRNA for GC-ACT patients: miR-199b or miR-152 as risk
factors while miR-200b and miR-103a as protective factors. Taken together, our results indicated that
these signature miRNAs may paly pivotal roles in modulation of chemotherapy e�ciency.

Construction of a nomogram to predict outcomes in GC patients undergoing chemotherapy

To provide a clinically associated quantitative method that could be used to predict the probabilities of 1-,
3-, 5- and 10-year OS in GC patients received adjuvant chemotherapy, a prognostic nomogram was
established in which the score integrated the clinical variables, including age, gender, number of
lymphnodes, histologic grade, individual pathologic T, N and M stages and the combined pathologic
stage, and the four-miRNA signature (Figure 5A). The calibration curves for the nomogram for OS of GC
patients received adjuvant chemotherapy showed good agreement between the prediction and the actual
observation (Figure 5B). The AUC functions of the multivariable models were developed to indicate how
well these features serve as prognostic markers. Compared to the clinical variables, the four-miRNA
signature and the nomogram showed relatively high predictive power for OS of GC patients received
adjuvant chemotherapy, with an average AUC above 0.844 and 0.832, respectively (Figure 5B).

Functional involvement of the risk signature miRNAs

To evaluate the potential function of the four signature miRNAs, we inferred the activity of HALLMARK
and KEGG pathways by gene set variation analysis (GSVA) method on the basis of single sample
expression data [19]. By examining the correlation between the expression levels of risk signature
miRNAs and the activity of each pathways documented by these two databases, we found that mir-199b
and miR-152 showed similar pattern, which is contrast to the pattern in mir-200b and mir-103a-1. Brie�y,
high levels of mir-199b and miR-152 are negatively correlated with the cell cycle checkpoint, DNA damage
response and RNA processing, and positively associated with myogenesis, epithelial-mesenchymal
transition (EMT), MAPK and JAKA-STAT singling (Figure 6A and 6B). Conversely, mir-200b and mir-103a-
1 exhibited opposite associations (Figure 6A and 6B). Notably, no obvious difference of correlations was
observed between GC patients with adjuvant chemotherapy and those without adjuvant chemotherapy
(Figure 6A and 6B).

To investigated the functional involvement of the targets of risk signature miRNAs, we then predicted the
putative targets using TargetScan and Starbase database, respectively. KEGG pathway analysis revealed
that the target genes mainly enriched in metabolism (such as glycosphingolipid biosynthesis-lactoand
neolacto series, tryptophan metabolism, amino sugar and nucleotide sugar metabolism), axon guidance
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and lysosome (Figure 6C and Table S2). GO analysis included molecular function (MF), biological
process (BP), and cellular component (CC). The target genes were mainly related with ion binding (MF),
cellular nitrogen compound metabolic process (BP), organelle (CC) (Figure6C).

Further, to investigate the functional involvement of the four-miRNA risk score, we performed gene set
enrichment analysis (GSEA) in the gene expression data from the TCGA GC-ACT patients. According to
the median value of the risk score, we divided the patients into two groups: high- and low-risk group.
GSEA results showed that the high-risk group is signi�cantly associated with hallmarks involved in
cancer metastasis, such as epithelial-mesenchymal transition (EMT) (FDR q < 0.1; Figure 6E and Table
S3). EMT has been considered as a pivotal contributor to drug resistance, but the mechanism is still
elusive. Recent cancer stem cell (CSC)-associated studies provide a new insight into the mechanism of
drug resistance in cells undergoing EMT [20]. On the contrary, cell cycle checkpoint-associated hallmarks
were signi�cantly enriched in the low-risk group, such as E2F targets and G2M checkpoint (FDR q < 0.1;
Figure 6E and Table S4). It has been found that activation of cell cycle checkpoint is e�cient type of
anticancer therapeutic. Increasing number of studies are revealing that chemical manipulation of cycle
checkpoint activation increases the killing e�cacy of major cancer therapeutics as well as to directly
promote cancer cell death [21].

Aberration of immune cell in�ltration correlates with chemotherapy response

miRNAs have been identi�ed as pivotal modulators in regulation of the development and the function of
immune subpopulations involved in tumor immune response. Thus, to assess the contribution of miRNAs
to immune in�ltration in GC, we investigated the correlation between the expression levels of risk miRNAs
and immune cell in�ltration in GCs. The relative proportions of 22 types of in�ltrating immune cells were
inferred by using CIBERSORT (http://cibersort.stanford.edu/) [18] in transformed gene expression data
from bulk tumors of GC (Figure 7A). The 22 immune cell types include T cells, B cells, macrophages,
natural killer cells, eosinophils, neutrophils, dendritic cells and amongst others.

The miRNA-immune in�ltration correlation analyses exhibited that mir-199b and miR-152 showed an
opposite pattern to mir-200b and mir-103a-1 (Figure 7B). mir-199b and miR-152 with risk effects exhibited
negative correlations with the in�ltration of T follicular helper (Tfh) cells, plasma cells and activated
dendritic cells (DCs), and positive correlations with the in�ltration of monocytes, memory B cells and M2
macrophages (Figure 7B). On the contrary, mir-200b and mir-103a-1 with protective effects, displayed
strong positive correlations with the in�ltration of activated mast cells, Tfh cells, M0 macrophages,
plasma cells and activated DCs, while marked negative correlations with the in�ltration of resting mast
cells, regulatory T (Treg) cells, memory B cells and resting DCs, Figure 7B). Among the correlates, mast
cells exhibited the strongest effects with mir-200b and mir-103a-1 (Figure 7B). These data suggested that
GCs with high risk to adjuvant chemotherapy are characterized with enrichment of resting suppressive
immune cells, such as Treg, resting mast cells and resting DCs, while GCs those got bene�cial from the
adjuvant chemotherapy are dominated by effector immune cells, such as activated mast cells, Tfhs,
plasma cells and activated DCs.

http://cibersort.stanford.edu/
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Furthermore, to further explore the roles of these risk signature miRNAs in immune response, we
examined the expression levels of each miRNA in the GCs according to the immune subtypes predicted
by previous study [22]. GC samples were grouped into �ve immune subtypes: C1-wound healing, C2-IFN-γ
dominant, C3-in�ammatory, C4-lymphocyte depleted and C6-TGF-β dominant, characterized by
differences in macrophage or lymphocyte signatures, Th1:Th2 cell ratio, extent of intratumoral
heterogeneity, aneuploidy, extent of neoantigen load, overall cell proliferation, expression of
immunomodulatory genes, and prognosis [22]. Interestingly, GCs in C6-TGF-β dominant subtype have
relative higher expression levels of mir-199b and miR-152 than GCs in the other subtypes (Figure 7C),
especially in GCs with chemotherapy, consistent with the immunosuppressive role of TGF-β signaling in
cancers. On the contrary, mir-200b and mir-103a-1 showed relative higher expression levels in C1-wound
healing and C2-IFN-γ dominant subtypes than that in the others, suggesting active immune responses
(Figure 7C). Taken together, these �ndings indicated that the risk signature miRNAs may act as immune
response mediators in the regulation of chemotherapy response.

Discussion
Drug resistance to chemotherapy and molecular targeted therapy is an important problem in current
cancer research[23]. Chemoresistance refers to the resistance of malignant cells to various
chemotherapeutic agents with different molecular mechanisms and structures, which is the cause of
recurrence and metastasis in most malignant tumors including GC. There is an urgent need to accurately
identify the malignant status of tumors using novel biomarkers with prognostic signi�cance, which will
signi�cantly assist the development of clinical precision medicine and ultimately improve the prognosis
of tumor patients. The miRNA expression pro�le of drug resistant cancer cells is quite different from the
drug sensitive parental cancer cells[24]. The aims of this study were to identify a miRNA signature as a
potential prognostic marker for GC patients received adjuvant chemotherapy in the clinic.

We here conducted an integrative analysis of whole-genome miRNA expression. Using the multivariate
Cox coe�cients of LASSO analysis, we developed a 4-miRNA-based risk scoring signature for prediction
adjuvant chemotherapy response of GC patients, which markedly outperform the clinical variables. Using
our miRNA-based model, we also developed the nomogram, a scoring system ranging from 0 to 100 that
can predict risk of death after adjuvant chemotherapy. Our �ndings strongly suggest that both the four-
miRNA model and nomogram provide independent values beyond conventional clinical variables.

Among the four signature miRNAs, two of them, including miR-199b and miR-152, acted as risk factors
for GCs, and the other two miRNAs (miR-200b and miR-103a) were protective factors. Notably, these
miRNAs have speci�c predictive value for GC-ACT patients, but not GC-NOACT patients. Thus, this type of
miRNAs may exert pivotal role in modulation of chemotherapy response in GCs. miR-199b expression is
upregulated in Wilms' tumor, and miR-199b can directly target RUNX3 to promote Wilms' tumor
progression, indicating that the miR-199b/RUNX3 axis represents a potential target for Wilms' tumor
treatment[25]. miR-199b also serve as an oncogene in osteosarcoma (OS). Upregulated miR-199b is
signi�cantly related to OS stage, distant metastasis and poor prognosis. This miRNA may promote
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progression of OS[26]. However, miR-199b has been reported to be under-expressed in several other types
of cancer. For example, the expression level of miR-199b is down-regulated in hepatocellular carcinoma
(HCC). HCC patients with low miR-199b expression levels show lower survival rates than those with high
miR-199b expression levels[27,28]. In addition, down-regulation of miR-199b is widely observed in bladder
cancer[29], breast cancer[30], colorectal cancer[31], acute myeloid leukemia[32], non-small cell lung
cancer[33] and endometrial carcinoma[34]. The above contradictory �ndings suggest that the expression
pattern of miR-199b is tissue-speci�c, and miR-119b may represent a new prognosis-associate biomarker.
miR-152 has also been reported to be involved in the progression of multiple cancer types, both as
oncogene and tumor suppressor gene. miR-152 is over-expressed in some types of cancer, including liver
cancer[35], ovarian cancers[36], gastrointestinal cancers[37], as well as in lung cancers[38].The low
plasma level of miR-152 signi�cantly predict the poor survival of squamous cell carcinoma lung cancer
patients[39]. On the other hand, several studies show that miR-152 may play tumor suppressor role in
other types of cancers like bladder cancer[40]. miR-200b belongs to the miR-200 family, which is widely
known for its anti-tumor function in a variety of cancers, including breast cancer[41], colorectal
cancer[42], pancreatic cancer[43], endometrial carcinoma[44] and gastric cancer[45]. miR-200b and miR-
200c have been revealed as potential prognostic bio-markers of gastric cancer[45]. With regard to the
fourth miRNA, miR-103, increasing evidences have indicated that it acts as an oncogene in tumor
development and progression[46], [47]. However, the role of miR-103 in gastric cancer is controversial[48],

[49], [50]. Although these miRNAs are known to play important roles in tumorigenesis, most of them have
not been reported as prognostic biomarker for GC patients received adjuvant chemotherapy in the
literature. Further researches should focus on the interaction between these miRNAs to help us develop
optimal treatment strategy for GC patients undergoing adjuvant chemotherapy. This provides new ideas
for the study of chemotherapy response machines in GC.

We also performed pathway enrichment analysis of the four signature miRNAs target genes to reveal the
underlying molecular mechanisms. The mostly enriched pathways were involved in metabolism (such as
glycosphingolipid biosynthesis-lacto and neolacto series, tryptophan metabolism, amino sugar and
nucleotide sugar metabolism), axon guidance and lysosome, etc. It indicated that the four-miRNA might
function as tumor metabolism modulator involved in chemotherapy response of GCs. Glycolipid
metabolism and biology, including the glycosphingolipid composition of cell membrane and their
transport and communication across the barriers, have provide new perspectives for tumorigenesis and
drug resistance research. For instance, the expression levels of glucosylceramide and galactosyl
ceramide in doxorubicin-resistant ovarian carcinoma (OC) cells are three times higher than those in
doxorubicin-sensitive wild-type OC cells[51]. Besides, the expression levels of ganglioside, especially GM3
and GM2, in fenretinide-resistant OC cells are six times higher than those in fenretinide-sensitive OC
cells[52]. Both established drug-resistant ovarian adenocarcinoma cell line and tumor samples from
chemotherapy-resistant patients show increased glucosylceramide levels[53]. Thus, these �ndings
together with our study provide a link between chemotherapy response-associated miRNAs and the
glycosphingolipid biosynthesis.
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In addition to functional enrichment analysis of signature miRNA target genes, GSEA revealed that the 4-
miRNA signature identi�ed high-risk group was positively related to EMT and apical junction, while
negatively related to cell cycle transition, partly explaining the poor prognosis of GC patients with
chemoresistance. Although EMT is widely considered to play a key role in tumor progression and
metastasis, two recent studies link EMT to drug resistance in lung cancer and pancreatic cancer,
respectively[54,55]. It’s more and more clear that EMT is a sophisticated biological event regulated by a
series of signaling pathways. Whether EMT represents the main cause of drug resistance in GC remains
to be further studied.

There are still some limitations in our study. First, in this retrospective study, there is a lack of diverse
ethnic groups in our cohort. Second, the predictive value of our four-miRNA model needs to be further
validated in larger prospective cohort. Third, though we conducted in vitro experiments to assess the
modulatory roles of those signature miRNAs in chemotherapy response in GC cells, further in-deep
functional studies are needed.

In conclusion, the newly identi�ed 4-miRNA signature was demonstrated as an effective and stable model
to predict the prognosis of GC patients received adjuvant chemotherapy, which outperformed the
clinicopathological features. The clinical application of this 4-miRNA signature will contribute to risk
classi�cation, thus guiding personalized therapy for GC patients. While systematic experimental
veri�cation is lacking, our research provides a basis for the use of miRNA panel as a clinical tool for
prognostic assessment after adjuvant chemotherapy and these four miRNAs may also be potential
therapeutic targets for the treatment of drug resistance in GC patients.
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Figure 1

Adjuvant chemotherapy administration in GCs. (A) Distribution of adjuvant chemotherapy administration
in GCs from the TCGA GC cohort (n = 384). (B) Distribution of chemotherapy response in GC patients
received adjuvant chemotherapy (n = 187). (C) Kaplan-Meier survival curves for GC patients who received
adjuvant chemotherapy (GC-ACT) and those didn’t receive any type of chemotherapy (GC-NOACT).
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Figure 2

Identi�cation of prognosis related miRNAs using LASSO regression model. (A) Plots of the cross-
validation error rates. Each dot represents a lambda value along with error bars to give a con�dence
interval for the cross-validated error rate. The top of the plot gives the size of each model. The vertical
dotted line indicates the value with the minimum error and the largest lambda value where the deviance is
within one SE of the minimum. (B) LASSO coe�cient pro�les of the miRNAs associated with the overall
survival of GC patients who received adjuvant chemotherapy (GC-ACT). (C) Risk score distribution and
miRNA expression pro�le in GC-ACT patients. Top, the distribution of each risk score for each GC-ACT
patient. Bottom, heatmap of the four signature miRNAs. (D) Risk score distribution and miRNA expression
pro�le in GC-NOACT patient. Top, the distribution of each risk score for each GC-NOACT patient. Bottom,
heatmap of the four signature miRNAs. (E) Kaplan-Meier analyses the overall survival in GC-ACT patients
on the basis of individual signature miRNAs. The median value of the signature miRNA expression levels
as a cut-of value to divide the patients into high- and low-expression groups. (F) Kaplan-Meier analyses
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the overall survival in GC-NOACT patients on the basis of individual signature miRNAs. The median value
of the signature miRNA expression levels as a cut-of value to divide the patients into high- and low-
expression groups.

Figure 3

Survival analysis and time-dependent ROC curves for the miRNA-based prognostic signature in GCs with
or without chemotherapy. (A) Left, Kaplan-Meier survival curves for four-miRNA prognostic signature in
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GC-ACT patients. Right, time-dependent ROC curves were applied to assess predictive accuracy for overall
survival at varying follow-up times (1-, 3- and 5-year survival). The median value of the four-miRNA
signature risk scores as a cut-of value to divide the patients into high- and low-risk groups. (B) Left,
Kaplan-Meier survival curves for four-miRNA prognostic signature in GC-NOACT patients. Right, time-
dependent ROC curves were applied to assess predictive accuracy for overall survival at varying follow-up
times (1-, 3- and 5-year survival). The median value of the four-miRNA signature risk scores as a cut-of
value to divide the patients into high- and low-risk groups. (C-E) Time-dependent ROC curves for miRNA-
based signature and clinicopathological risk factors for overall survival prediction at varying follow-up
times (1-, 3- and 5-year survival, respectively). (F) Summary of all AUCs from (C-E).
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Figure 4

The functional roles of signature miRNAs in modulation of chemoresistance in GC cells. (A) Distribution
of the four-miRNA signature risk scores in GC patients according to the response to chemotherapy. (B)
Relative levels of signature miRNAs in a non-carcinoma CES-1 cells and a panel of GC cell lines, including
MKN45, MKN28, SNU16, SNU5, SNU1, HGC27 and AGS cells. U6 was used as an internal control for
normalization. (C) Top, MKN28 cells were treated with 0-2.5 μg/ml 5-Fluorouracil in 96-well plates for 24 h
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upon overexpression of miR-199b or miR-152. Bottom, AGS cells were treated with 0-2.5 μg/ml 5-
Fluorouracil in 96-well plates for 24 h upon overexpression of miR-200b or miR-103a. MTT assay was
used to investigate viability of GC cells.

Figure 5

Establishment of the nomogram for GC patients undergoing adjuvant chemotherapy. (A) Nomogram for
predicting OS of GC patients undergoing adjuvant chemotherapy. There are nine components in this
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nomogram: the four-miRNA risk score and eight clinicopathological variables. Each of them generates
points according to the line drawn upward. And the total points of the three components of an individual
patient lie on "Total Points" axis which corresponds to the probability of 1-, 3‐, 5‐ and 10-year OS rate
plotted on the two axes below. (B) Calibration curves for the four-miRNA proportional hazards model,
clinical variable model and the combined nomogram. AUC scores are expressed as the point estimates.

Figure 6
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Functional enrichment analyses of the signature miRNA and the miRNA-based signature (A-B)
Correlations between expression levels of risk signature miRNAs and the activities of all HALLMARK
pathways (A) and the top 50 signi�cant KEGG pathways (B). The activity of pathway was inferred by
single sample gene set variation analysis (GSVA) method based on the expression data of TCGA GCs. (C)
KEGG pathway (left) and Gene Ontology (right) enrichment analysis for the target genes of the four
signature miRNAs predicted by TargetScan and Starbase. (D-E) Gene set enrichment (GSEA) plot
depicting the enrichment of hallmarks associated with the miRNA-based signature risk score. (D)
Signi�cant hallmarks enriched in high-risk GC-ACT patients (red) or low-risk GC-ACT patients (blue) (FDR
< 0.1). (E) GSEA plots showing the representative enriched hallmarks in high-risk GC-ACT patients (top) or
low-risk GC-ACT patients (bottom).
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Figure 7

Risk signature miRNAs-immune cell associations in GCs (A) Heatmap of immune cell populations in GC
tumor tissues inferred by CIBERSORT cellular composition analysis. (B) Heatmap of correlation between
the immune cell populations and expression levels of four risk signature miRNAs in GC tumors. The
correlation strength was assessed by Spearman's rank correlation analyses. (C) The expression levels of
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four risk signature miRNAs in GC tumors grouped according to the immune subtypes, including C1-wound
healing, C2-IFN-γ dominant, C3-in�ammatory, C4-lymphocyte depleted and C6-TGF-β dominant.
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