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Introduction

Being the fifth leading cancer in the world, the third 
leading cause of cancer-related death, and responsible for 
almost 800,000 deaths every year, gastric cancer remains 
a global issue. About 70% of the incidence of gastric 
cancer occurs in developing countries [1]. The availability 
of a large quantum of genomics data is resourceful for 
researchers to explore developing the leads for precision 
medicine [2]. The Gene Expression Omnibus [GEO] 
database has genome-wide profiles of over 2 million 
samples. Exploring multiple cohorts of expression profiles 
from various studies is expected to enhance the reliability of 
observations, statistical power, and reduce the lab-specific 
effects [3, 4]. However, integrating the gene expression 
profiles from different experiments is challenging [5]. The 
major expression profiling platforms include Affymetrix, 
Illumina, Agilent, and RNA sequencing. The datasets 
from different platforms provide an opportunity for 
intra- and inter-dataset comparisons. However, there are 
a few issues associated with meta-analysis and merging 
of gene expression profiles [6]. The different platforms 
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introduce distinct technological biases and produce data 
with different shapes and scales [7]. The pipelines for 
background correction and normalization of array-based 
gene expression include Robust Multiarray Average 
[RMA], frozen Robust Multiarray Analysis [fRMA], 
Single Channel Array Normalization [SCAN], and 
Universal exPression Code [UPC] [2]. 

Various methods used for merging microarray datasets 
include SVA, ComBat, RMA, RMA and ComBat, and 
scaling [8]. Expression data of idiopathic pulmonary 
fibrosis [IPF] and sarcoidosis were merged to find the 
genes discriminating against IPF and sarcoidosis [9]. 
Combining data from different diseases using common 
clinical manifestations was also explored [10]. Merging 
multiple datasets was employed to define a novel signature 
for the prediction of relapse-free survival in colon cancer 
[11]. Merging ten datasets of non-small cell lung tumors 
was found useful for exploratory genomes [2]. In the 
current study, six gastric cancer expression profiles were 
merged and explored. 

The batch effect is the major hurdle in integrating data 
from multiple expression profiles [12]. Across different 
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expression profiles, the variation stem from technical 
factors such as differences in profiling platforms, lab 
protocols, experimenter, processing procedures, reagent 
batch, and the statistical methods employed [13]. Batch 
effect is defined as i] the uncontrollable errors unrelated 
to the biological variation [14], ii] the cumulative errors 
introduced by time and place-dependent experimental 
variations [15], iii] sub-groups of measurements that are 
unrelated to the biological variables [16], iv] systematic 
differences between the measurements of different batches 
of experiments [17], and v] systematic technical differences 
in different batches [18]. To sort out the batch effect, 
Batch QC Bioconductor R package was developed [13]. 
Similarly, the sva package was introduced for identifying 
and removing batch effects [19]. The parametric and non-
parametric empirical Bayes framework method was used 
for adjusting batch effects [3]. Non-parametric ComBat 
analysis was established for combining genomic data [3, 
5]. Modified-ComBat analysis was developed to enable 
gene expression meta-analyses to combine data from 
different studies [20]. ComBat analysis is the widely used 
method for the batch effect removal [12]. A combination 
of ComBat analysis and quantile normalization has been 
reported to be the best approach for the removal of batch 
effects in longitudinal gene expression data [21].

Gastric cancer also exhibits heterogeneity among 
patients [22, 23]. Molecular classification of gastric 
cancer and targeted therapeutics are believed to help 
in improving the outcome of patients [24]. The Cancer 
Genome Atlas [TCGA] and Asia Cancer Research Group 
[ACRG] studies have defined molecular subtypes [25, 26]. 
Subtype-specific systemic therapy is expected to provide 
better efficacy in treatment strategies [24]. 

In the current study, ACRG and TCGA subtype-
specific gene sets were explored for their clinical relevance 
in gastric cancer by using meta-merged cohort 1060. 
With the large number of samples and their clinical 
information, the expression patterns of molecular subtypes 
were analyzed. Based on the expression pattern, clusters 
were separated, and cluster-specific clinical features were 
inferred. Notably, i] exclusivity between EMT and MSI 
subtypes in 90 % of tumors, ii] an overlap between the 
occurrence of MSI and EMT subtypes in 10 % of tumors, 
and iii] an association between EBV and PI3K mutations, 
iv] association between EBV and MSI tumors, and v} 
possible stratification of GS gastric tumors as GS-EMT 
and GS-non EMT were inferred upon extrapolating the 
clinical features across cohorts.

Materials and Methods

Genome-wide expression profiles
Whole genome expression profiles of gastric tumors 

were collected from Gene Expression Omnibus [GEO]. 
The collected six expression profiles of gastric tumors 
include GSE15459 [n=200], GSE54129 [n=111], 
GSE62254 [n=300], GSE29272 [n=134], and TCGA 
[n=265]. In addition, we also included the in-house 
genome-wide expression profile of gastric tumors 
GSE146996 [n=50]. The details of the profiles included 
in the study are provided in Figure 1a.

Pre-process of expression profiles
Merging of multiple cohorts requires pre-processing 

of the individual expression profile datasets. Individual 
datasets used for the analysis were normalized by Robust 
Multi-Array Average [RMA]. Raw .CEL files collected 
from GEO were RMA normalized using the affy package. 
Expression values of multiple probes of the single gene 
were averaged using dChip [27]. 

Merging datasets
All the datasets were arranged in individual worksheets 

of Microsoft Excel. Common genes present in all the 
datasets were short-listed. With the ‘vlookup’ function 
in Excel, the expression values of individual datasets 
were merged one by one for all the genes common to the 
datasets used in the study. All datasets were merged into 
one cohort as meta-merged cohort-1060. Meta-merge 
cohort-1060 contains gastric tumor samples from the 
profiles GSE15459, GSE54129, GSE62254, GSE29272, 
TCGA, and GSE146996. The merged cohort was analyzed 
for its batch effect, and the Batch QC [13] package was 
used to remove the batch effect.

Gene set based pathway activation scoring analysis
Gene signatures of gastric cancer molecular subtypes 

of ACRG and TCGA studies were used for the analysis. 
Z score-based pathway activation scoring was performed 
for both ACRG and TCGA subtype gene signatures in the 
meta-merged cohort-1060 with Perl and R scripts [26, 
28]. dChip tool was used for the hierarchical clustering 
of gene sets in the merged cohort. Based on the clustering 
of expression pattern visualized in the heat map, nine 
clusters were identified and analyzed for their clinical and 
molecular features. 

Results

Meta-merging of six gastric tumor cohorts
The merging of multiple cohorts of the expression 

profiles of tumors would pave ways to extrapolate the 
clinical, diagnostic and therapeutic information from the 
well-established cohorts to other cohorts. The available 
and selected expression profiles of gastric tumors were 
collected from Gene Expression Omnibus [GEO]. Five 
expression profiles of gastric tumors, GSE15459 [n=200], 
GSE54129 [n=111], GSE62254 [n=300], GSE29272 
[n=134], and TCGA [n=265] from GEO were used for 
the investigation. In addition, an in-house genome-wide 
expression profile of gastric tumors from GSE146996 
[n=50] was used. The details of the six gastric cancer 
profiles used in the study, the platform used, and their 
details are shown in Figure 1a. 

To merge multiple cohorts, pre-processing of the 
expression profiles was performed through the following 
steps: i] uniform normalization of all the profiles by Robust 
Multi-Array Average [RMA] normalization, ii] merging 
of duplicate probes of a gene, iii] arranging the datasets 
according to their total number of probes, and iv] matching 
the genes across datasets and merging the profiles. The 
detailed steps involved in merging the datasets are 
described in methods. The meta-merged cohort comprises 
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Figure 1. Seamless Merging of 6 Expression Profile Datasets to a Meta-Merge Cohort-1060. [a] Details of the gastric 
tumor profiles used in the study. [b] Boxplots represent the expression values of samples in six gastric cancer profiles. 
The cumulative expression of the genes across the samples is plotted and shows a clear batch effect. After the batch 
QC, the values are normalized for most of the samples in all the datasets. [c] A circular dendrogram of six datasets 
presents a dataset-wise grouping of samples. Batch QC results in the clustering of samples across the datasets

1060 gastric tumor samples from six cohorts. 

Evaluation of the batch effect criteria confirms the 
seamless merging

Meta-merge cohort-1060 was investigated by standard 
quality control analyses. Before merging, the individual 
cohorts were normalized by affy package to enable the 
comparison across datasets. The expected concern across 
the mRNA profiles of tumor datasets is the inherent batch 
effect emerging from individual datasets. To get rid of the 
batch effect across the datasets, a previously established 
method of non-parametric combat analysis batch QC was 
performed [13]. The batch effect, which occurs as a result 

of different attributions associated with different datasets, 
was attempted to get removed. 

The cumulative expression of the genes across all 
the samples in the dataset was found to differ across 
the datasets. However, upon batch QC, the expression 
pattern was found uniform across all the datasets 
(Figure 1b). Next, the clustering patterns of gastric tumor 
samples from the different cohorts were visualized as a 
circular dendrogram upon meta-merging. Upon batch 
correction, the samples were found clustered based 
on the gene expression and not based on the datasets 
(Figure 1c). Third, a total of 50 randomly taken genes 
were investigated for their expression pattern across the 



Balaji T Sekar and Kumaresan Ganesan

Asian Pacific Journal of Cancer Prevention, Vol 27886

across batches were reduced significantly after batch 
QC by improving data consistency (Supplementary 
Figure 1a). Eighth, analyzing the variability in the data 
across three different groups. The median value for the 
batches got normalized after batch QC which suggest the 
reduced overall variability in the data. Variability in the 
Condition group remained stable after batch QC as no 
normal samples were used in the study (Supplementary 
Figure 1b). Ninth, condition effect P value across genes 
are 1 because no normal samples were used in the study 
(Supplementary Figure 2a), the batch effect P values 
across genes for all six datasets were found to be 0.999 
after batch QC which indicates the batch effects are not 
significantly influencing gene expression (Supplementary 
Figure 2b). All these parameters clearly demonstrate the 
flawless merging of 1060 gastric tumor samples from six 
datasets. The meta-merged cohort-1060 seems suitable 
for further investigation. 
EMT subtype tumors represent a unique cluster among 
gastric tumors

datasets and were visualized upon hierarchical clustering. 
The heat map showed the dataset-based clustering before 
batch analysis and the removal of batch effect has resulted 
in a convincing clustering pattern (Figure 2a). Fourth, the 
outlaying samples of each of the datasets were identified 
and removed in the batch correction process. The median 
was calculated for all the samples, and after batch 
correction, all the median values were in the same range 
across datasets (Figure 2b). Fifth, the expression pattern 
of samples in each of the datasets showed a larger overlap 
within datasets, and upon batch correction, the samples 
were found to overlap with the samples of other datasets 
(Figure 3a). Sixth, the median expression values of the 
samples were plotted in both axes, and the distribution of 
samples was inferred from Principal Component Analysis 
[PCA]. The batch correction was found to normalize 
the variation and facilitate the grouping of samples 
from multiple cohorts (Figure 3b). Seventh, the mean, 
variance, skewness, and kurtosis were calculated with 
the z-score value of genes in all the datasets. Variations 

Figure 2. Evaluation of the Merging of Datasets in Meta-Merge Cohort-1060. [a] A total of 50 randomly selected 
genes were analyzed for their expression and clustering pattern across the datasets. The heat map shows that before 
batch analysis, clustering was based on datasets. After batch QC, the heat map shows the clear clustering of genes, 
irrespective of the datasets. [b] The batch effect shows the differences in the median of datasets. The median was 
calculated for all the samples, and the values were plotted. The median values were found to be dataset specific. Batch 
QC removes the outlying samples, and the median values were found to be nearly uniform across the datasets
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Figure 3. Parameters Confirming the Merging of Datasets in Meta-Merge Cohort-1060. [a] Expression patterns show 
an overlap within the datasets before batch QC and after batch QC, samples got clustered across datasets. [b] The 
median value of each sample was plotted on both axes. The distribution of samples in the PCA plot shows mingled 
distribution after batch correction

With the merged cohort of 1,060 gastric tumor 
samples, gene signature-based pathway activation analysis 
was performed. ACRG [Asian Cancer Research Group] 
and TCGA [The Cancer Genome Atlas] study-based gene 
sets representing molecular subtypes of gastric cancer 
were analyzed [26,28]. Hierarchical clustering of the Z 
scores of the expression of the above gene sets revealed 
9 clusters with differing groups of tumors with varying 
clinical features (Figure 4 and Supplementary Table 2). 
Molecular features of the subgroups of tumors were 
analyzed for all the clusters. Notably, from the ACRG 
cohort, Epithelial to Mesenchymal Transition [EMT] 
tumors were found clustered in cluster 9 (Figures 4a and 
4b). Samples clustered along with ACRG-EMT samples 
with the closely associated expression pattern of the 
EMT gene set might reciprocate the clinical features 
similar to the EMT samples in other gastric tumor cohorts 
as well. While previously defined 40 EMT tumors of 
ACRG are clustered together, 165 other tumors from 
1060 samples were found to cluster together and hence 
could be extrapolated for similar features. Notably, in 
cluster 9, out of 165 samples, 143 samples were with 

a Z score range of 0.7 – 3, which is comparable to that 
of the clinically validated EMT samples of the ACRG 
cohort. Out of 205 tumors in cluster 9, with available 
clinical information, most of the tumors were poorly 
differentiated, diffuse, and later-stage tumors, which are 
the known characteristic features of EMT subtype tumors 
[Supplementary Table 2]. A few samples in cluster 1 and 
cluster 2 also showed higher values for the expression of 
the EMT gene set. Thus, from meta-merge, it is possible 
to extrapolate the clinical outcome/features of a defined 
cohort to other cohorts. Molecular subtype-based patient 
stratification and treatment is evolving as a critical part 
of the precision medicine of cancers [29]. Meta-merging 
of gastric tumor cohorts seems helpful in identifying the 
subtype of samples. This, in turn, would facilitate the 
diagnosis of EMT gastric tumors and eventually treating 
with EMT-specific drugs.

EMT and MSI subtypes show mutual exclusivity across 
90 % of gastric tumors

The Microsatellite Instability [MSI] subtype is known 
for favorable prognosis, early-stage tumors, and intestinal 
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Figure 4. Distribution of Gastric Tumor Molecular Subtypes Across 1060 Samples of Meta-Merged Dataset. Based on 
hierarchical clustering, the samples in the meta-merged cohort 1060 were distributed into 9 clusters. Clinical subtypes 
of ACRG and TCGA gastric tumor cohorts were analyzed. [a] Heatmap shows the gene set-based activation pattern of 
ACRG and TCGA subtypes. The heatmap is provided in Supplementary Table 1 for clear visibility. [b] Table shows 
the number of samples with ACRG and TCGA subtypes in different clusters of meta merged cohort of 1060 gastric 
tumor samples. [c] Occurrence of ACRG and TCGA subtypes in different clusters of the meta-merged cohort 1060 
based on the gene set-based Z score cut off > 1. The above data reveals the following: i] Occurrence of EMT in a 
distinct cluster, ii] exclusivity between EMT and MSI in 90 % of tumors, iii] overlap of EMT and MSI subtypes in 10 
% of samples, iv] overlap and differences between EMT and GS subtype, and v] association between EBV and MSI 
subtype tumors.

subtype tumors. EMT subtype is characterized to show the 
worst prognosis, high recurrence rate, and diffuse subtype 
tumors [30–32]. MSI tumors are characterized by the loss 
of function of genes involved in mismatch repair [MMR], 
and EMT tumors are known for the features of alterations 
in cell adhesion, angiogenesis, and motility [26]. As per 
the classification in the ACRG study, gastric tumors were 
classified into EMT and MSI subtypes with two differing 
gene expression patterns [30, 33, 34]. Meta-merged 
1060 gastric tumor samples show mutual exclusivity 
between EMT and MSI subtypes in 90 % of tumors. A 
predominant occurrence of EMT tumors was observed in 
cluster 9 (Figures 4 and 5a), whereas MSI subtype tumors 
were enriched in clusters 6, 7, and 8 (Figures 4 and 5b). 
A few MSI subtype samples were also observed in other 
clusters. However, a prominent mutual exclusivity was 
observed between EMT and MSI subtype tumors. Based 
on clinical features, EMT and MSI tumors are different 
from one another. With the Z score cut off > 1, out of 
323 samples in both EMT and MSI subtypes, 37 samples 

showed overlapping features of both. This overlapping 
occurrence indicates that while 90 % of EMT and MSI 
subtype tumors are exclusive, the overlapping features 
occur in 10 % of gastric tumors. This study could be the 
first to report the overlapping occurrence of EMT and MSI 
subtypes in 10 % of gastric tumors. Segregation of EMT 
and MSI tumors with gene set-based pathway activation 
analysis from the merged cohorts is a good indicator for 
the broader stratification of gastric cancer patients.

GS subtype shows overlapping and non-overlapping 
features with the EMT subtype

There are similarities and differences between ACRG 
and TCGA classifications. The EMT subtype of ACRG has 
been reported to be closely related to the GS [genomically 
stable] subtype but with some distinct features. EMT and 
GS subtype fall under the diffuse subtype with the worst 
prognosis in terms of survival [35, 36]. In the meta-merged 
cohort, among ACRG and TCGA cohort samples, 
about 50 % of GS subtype samples occur in cluster 9, 
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Figure 5. EMT and MSI Subtypes Show Exclusivity Across the Merged Gastric Cancer Cohort. The meta-merged 
1060 gastric tumor sample cohort was analyzed for the activation pattern of the molecular subtypes defined by ACRG 
and TCGA studies by gene set-based Z scoring. The hierarchical clustering reveals 9 clusters of samples. [a] The 
occurrence of EMT subtypes as defined in the ACRG cohort by clinical and molecular methods was investigated. 
EMT subtype samples of the ACRG cohort are enriched in cluster 9. [b] EMT samples as defined by gene set based Z 
score cut off > 1 got largely enriched in cluster 9.  [c-d] In the meta merged cohort - 1060, MSI subtypes are clustered 
in cluster 7 and cluster 9 for ACRG cohort samples [c] as well as for all samples [d]. [e-f] The majority of GS samples 
are grouped in cluster 8. [g-h]. Similarly, the majority of EBV samples got clustered in cluster 8 though a few are in 
clusters 4, 7, and 9. EMT and GS subtypes have overlapping patterns, whereas EMT and MSI show exclusivity

and 87 % of EMT samples occur in the same cluster. 
This reiterates the GS subtype to exhibit overlapping 
and non-overlapping features with the EMT subtype 
(Figures 4 and 5). Considering the observed differences 
in the clinical features, GS tumors can be classified into 
GS-EMT and GS-non EMT, wherein GS tumors in cluster 
9 are GS-EMT tumors, and GS tumors in cluster 1 and 
cluster 3 are GS-non EMT. Notably, the cluster 3 does not 
have EMT samples. GS-EMT tumors are predominantly 
diffuse and poorly differentiated, whereas GS-non-EMT 
tumors include predominantly intestinal followed by 

diffuse type tumors and moderately differentiated tumors. 
GS-EMT and GS-non-EMT tumors being staged 2/3/4 
[Supplementary Table 2]. From the current analysis, 
TP53, ARID1A, and KRAS mutations were observed to 
be comparatively higher in GS-non-EMT tumors than 
in GS-EMT tumors [Supplementary Table 3]. Notably, 
CDH1 and RHOA mutations were reported to be common 
in the GS subtype whereas rare in the EMT subtype [37, 
38]. The current study shows a potential sub-classification 
scheme for EMT and GS tumors.
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Figure 6. Association between EBV Subtype Tumors and PI3K Mutation. [a] In the meta merge 1060 cohort across 
TCGA cohort samples, EBV samples are to be enriched in cluster 8 and cluster 7. [b] In the TCGA cohort, the number 
of samples with PI3K mutations is higher in cluster 8 and cluster 7, where EBV samples were clustered. This shows 
the association between EBV subtype and PI3K mutation

Figure 7. Association between EBV and MSI Subtype Tumors. [a] Occurrence of EBV samples [Z score cut off >1] 
in the meta merged cohort – 1060. Samples are largely distributed in clusters 1, 3, 6, 7, 8, and 9. [b] Distribution of 
MSI subtype samples [Z score cut off >1] in the meta-merged cohort - 1060. MSI subtype tumors are also enriched 
in clusters 1, 3. 6. 7, 8, and 9, where EBV tumors are enriched. This indicates the association between EBV and MSI 
subtypes of gastric tumors

Association between PI3K mutation and EBV subtype 
tumors

EBV [Epstein Bar Virus] plays a pivotal role in the 
pathogenesis of gastric cancer, and 10 % of gastric tumors 
are reported to be classified as EBV subtype tumors [39, 
40]. A merged gastric tumor cohort with 1060 samples 
revealed a distinct cluster of EBV-positive tumors. Out 
of 24 EBV-positive tumor samples in the TCGA cohort, 
17 samples fall in cluster 8 (Figure 4a-4c and 5g-5h). 
While the majority of EBV samples are in cluster 8, some 
samples were found to occur in different clusters. Further, 
from all the cohorts in cluster 8 with 137 samples, by 
referring to the Z score [cut off > 1] of the EBV gene set, 
82 samples were EBV-positive. Out of 17 EBV samples 

of the TCGA cohort in cluster 8, 15 samples had the Z 
score cut off > 1, whereas across all clusters in meta-merge 
1060, 172 samples were predicted to be EBV positive. This 
indicates that 16 % of gastric tumors are EBV positive, as 
inferred from the expression of the gene set, and remains 
to be investigated.

Analysis of PIK3CA mutation in gastric tumors from 
the TCGA cohort showed a correlation between PI3K 
mutation and EBV positivity. Meta-merged cohort showed 
clustering of EBV-positive tumors and PI3K mutated 
samples in cluster 8 followed by clusters 7, 4, and 9 (Figure 
6). This shows the association between EBV and PIK3CA. 
In Korean and German cohorts of gastric tumors, 25 % and 
32 % EBV-positive tumors showed PI3K mutations [41, 
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42]. All the above data shows that from meta-merging, it 
is possible to predict the tumor subtype and the associated 
molecular clinical features based on the expression of 
subtype-specific gene sets.

Association between EBV and MSI tumors
Epstein-Barr virus [EBV] positivity and Microsatellite 

Instability [MSI] are the molecular subtypes of TCGA that 
need to be explored for their unique characteristics and 
potential therapeutic implications. EBV-positive gastric 
tumors are poorly differentiated and associated with 
male patients, whereas MSI subtype gastric tumors are 
common in women and older patients [43–45]. EBV and 
MSI subtype tumors were found to co-occur in clusters 
– 1, 3, 6, 7, 8, and 9 (Figure 4c, 5d, 5h, and 7). Out of 
294 samples with a Z-score cut-off >1 for EBV and MSI 
signatures, 54 samples showed an overlap between the two 
subtypes. This clearly indicates the overlapping molecular 
and possible clinical features between EBV and MSI 
tumors. Notably, MSI and EBV tumors were reported to be 
responsive to immune checkpoint blockade [43, 46, 47], 
and these gene sets could be used as biomarkers to identify 
the target patients for immune checkpoint blockade. 
PD-L1 expression was observed in approximately 50% 
and 33% of tumor cells in EBV and MSI-H tumors, 
respectively [48]. A 100 % and 85.7 % success rate 
were reported for patients with metastatic EBV and MSI 
treated with pembrolizumab, respectively [49]. The tumor 
microenvironment of EBV and MSI tumors was identified 
to have abundant lymphocytic infiltration [46, 47, 50]. In 
an independent work, we have identified the suitability 
of targeting EBV and MSI tumors with the proteasomal 
inhibitor bortezomib [communicated]. Both subtypes 
were reported to be associated with somatic mutations 
of PIK3CA and ARID1A [29, 47, 51]. Considering these 
reports, the identified association between EBV and MSI 
tumors is making sense.

The potential patient stratification and targeted 
therapeutics strategies emerging from the current study

From this study, i] mutual exclusivity between EMT 
and MSI subtypes in 90 % of gastric tumors, ii] 10 % of 
gastric tumors revealing the features of both EMT and 
MSI subtype gastric tumors, iii] classification of GS 
subtype tumors as GS-EMT and GS-non-EMT tumors, iv] 
an association between PI3K mutation and EBV subtype 
gastric tumors, and v] an association between EBV and 
MSI subtype gastric tumors were identified.

First, exclusivity between MSI and EMT subtypes 
in 90% of gastric tumors with 10 % of gastric tumors to 
exhibit the features of both EMT and MSI subtypes was 
identified from the current study. EMT mechanism is 
involved in triggering resistance of cancer cells to many 
chemotherapeutic agents [52, 53]. Several small molecules 
were identified as EMT inhibitors and to enhance 
chemo-sensitivity in combination with chemotherapies 
[54]. An array of drugs investigated for EMT and other 
subtypes of tumors are shown in Supplementary Table 
4. For patient stratification and to enable the targeted 
therapeutics, the meta-merge based stratification would 
facilitate the diagnosis and selecting suitable therapeutics. 

For MSI tumors, PARP inhibitors and immune checkpoint 
inhibitors show improved prognosis [32]. The gene 
set based stratification of gastric tumors would enable 
identifying the overlap between EMT, MSI, and EMT/
MSI tumors, which would demarcate the patients those 
might get benefited from targeted and combinatorial 
therapy. 

Second, current study also reveals a potential 
sub-classification of GS tumors into GS-EMT and 
GS-non-EMT tumors. GS subtype is characterized by 
diffuse phenotype, advanced tumor stages, somatic 
alterations in genes CDH1, RHOA, and ARID1A, as 
well as CLDN18 and ARHGAP26 gene fusion [30, 55]. 
GS-EMT tumors are observed to have poorly differentiated 
and diffuse tumors in predominant, while GS-non-EMT 
tumors are mainly intestinal and moderately differentiated. 
This sub-classification could guide treatment choices, as 
these groups have differing clinical features. GS-non-
EMT tumors were found to have higher rates of TP53, 
ARID1A, and KRAS mutations [Supplementary Table 3]. 

Third, the present study also reveals the occurrence 
of PIK3CA mutations in EBV tumors. They are also 
reported to have high PD-L1/PD-1 expression and strong 
link to PIK3CA mutation suggesting that these tumors 
could potentially be targeted with PI3K inhibitors. 
Immune checkpoint inhibitors, histone deacetylase 
[HDAC] inhibitors, proteasome inhibitors, indoleamine 
2,3-dioxygenase inhibitors, and small-molecule EBNA1 
inhibitors were reported suitable for EBV tumors 
[Supplementary Table 4]. In addition, PIK3CA inhibitors 
seem potential candidates and could be considered for 
combinatorial therapeutics. 

Fourth, EBV and MSI subtypes were found to co-
occurr in gastric tumors. A prior study has reported success 
rates of 100% and 85.7% for metastatic EBV and MSI 
tumors, respectively, upon treatment with pembrolizumab. 
Despite distinct clinicopathological characteristics and 
due to pro inflammatory immune microenvironment, both 
EBV and MSI tumors can be benefited by immunotherapy 
[50]. PD-L1 positivity was also observed in in EBV and 
MSI positive tumors [56]. The current study reiterates 
an association between EBV and MSI subtypes tumors. 
There are many drugs that are reportedly common for 
both EBV and MSI tumors, such as pembrolizumab and 
nivolumab [Supplementary Table 4]. Further preclinical 
and clinical exploration of the current classification 
scheme and therapeutic guidance would add significant 
improvement in clinical management of gastric cancers.

Discussion

The current study aimed to explore the usefulness of 
the meta-merging of gastric cancer transcriptome profiles 
and to extrapolate the molecular and clinical features 
across cohorts. This would also be useful to increase 
the statistical power of analysis. The expression profiles 
of different cohorts are considered non-comparable and 
heterogeneous mainly due to the platform differences. The 
successful development of meta-merging is a significant 
step forward [57]. The batch effect is a concern and would 
have an impact on pattern detection among the samples, 
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clustering, dimension reduction, and construction of 
networks between subjects [58, 59]. To overcome the 
batch effect, BatchQC was used [13]. ComBat tool has 
been reported to remove systematic technical variations 
which are inherent to the datasets. In the present study, six 
cohorts were merged, and the removal of the batch effect 
was evident from the comparative analysis of various 
parameters. 

Merging of breast cancer datasets from 29K and 
Agilent platforms has revealed, combat, a statistical 
method to improve the reproducibility of the gene 
expression measurements [57]. The other parametric and 
non-parametric methods employed include adjusting data 
for batch effects [3, 15]. When the sources of batch effect 
are unknown, the SVA [Surrogate Variable Analysis] 
method was suggested to correct the batch effects from 
high throughput data [16]. Despite the availability of a few 
methods, including SVA, Combat, Combat, and scaling 
of batch effect clearance, ComBat analysis is highly used 
in many studies [8]. Batch QC also constructs interactive 
outputs for transcriptomic data to visualize and understand 
the technical variations.

Heterogeneity across gastric tumors in cohorts is 
identified by genomic and transcriptome analyses [60]. 
Classification of tumors into molecular subtypes by 
specific genetic aberrations and expression signatures are 
helpful in understanding biological and clinical differences 
[61]. Upon the learning from ACRG and TCGA studies, 
attempts to classify gastric tumors into molecular subtypes 
were made in different populations [62–65]. Efforts also 
were made to effectively predict the response of different 
molecular subtypes to systemic therapy [66]. However, 
these classifications and clinical features need to be 
investigated in multiple cohorts. In the current study, 
both ACRG and TCGA subtype-specific gene sets were 
analyzed for their expression pattern in the meta-merged 
cohort 1060. Extrapolation of clinical information from 
the ACRG cohort revealed EMT and MSI subtypes to be 
mutually exclusive in 90 % of tumors; however, 10% of 
the tumors were found to have the transcriptomic features 
of EMT and MSI subtype gastric tumors. MSI subtype 
tumors were reported to have a better prognosis, whereas 
EMT tumors are known to have a worse prognosis [30, 
33]. Earlier analysis of differentially expressed genes in 
MSI and EMT subtypes did not show any overlap [34]. 

Upon extrapolating the clinical knowledge of TCGA 
cohort to other cohorts the commonality and differing 
aspects of GS and EMT subtypes were inferred. Notably, 
the current study defines GS tumors into GS-EMT tumors 
and GS-non-EMT tumors for the first time. Further, the 
association between EBV and MSI subtypes and their 
linkage with PIK3CA mutation were all readily visible. 
The current analyses show the applications of meta-
merging toward extrapolating the clinical features across 
cohorts. However, this also depends on the gene sets. 
While EMT, MSI, and GS gene sets are clearly predictive 
of the subtypes, TP53+, TP53-, and CIN gene sets were 
found not to define the samples clearly.

With big data–driven targeted therapies, only 5% of 
the patients are estimated to get benefited [67]. The current 
study shows the possibility of big data-driven analysis of 

gene expression profiles from multiple cohorts of gastric 
tumors. This is a step forward in extrapolating clinical 
information to tumor samples. With the meta-merging of 
gene expression studies from different parts of the world, 
it is possible to analyze the clinical data for the possible 
development of intriguing diagnostic and therapeutic 
strategies for cancers.
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