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a b s t r a c t

Gastric cancer (GC) is a highly heterogeneous disease with multiple cellular types and poor prognosis.
However, the cellular evolution and molecular basis of GC at the individual intra-tumor level has not
been well demonstrated. We performed single-cell whole exome sequencing to detect somatic single-
nucleotide variants (SNVs) and significantly mutated genes (SMGs) among 34 tumor cells and 9 normal
cells from a patient with GC. The Complete Prediction for Protein Conformation (CPPC) approach directly
predicting the folding conformation of the protein 3D structure with Protein Folding Shape Code, com-
bined with functional experiments were used to confirm the characterization of mutated SMGs in GC
cells. We identified 201 somatic SNVs, including 117 non-synonymous mutations in GC cells. Further
analysis identified 24 significant mutated genes (SMGs) in single cells, for which a single amino acid
change might affect protein conformation. Among them, two genes (CDC27 and FLG) that were mutated
only in single cells but not in the corresponding tumor tissue, were recurrently present in another GC tis-
sue cohort, and may play a potential role to promote carcinogenesis, as confirmed by functional charac-
terization. Our findings showed a mutational landscape of GC at intra-tumor level for the first time and
provided opportunities for understanding the heterogeneity and individualized target therapy for this
disease.

� 2019 Science China Press. Published by Elsevier B.V. and Science China Press. All rights reserved.
1. Introduction

Gastric cancer (GC) is one of the major health burdens world-
wide with various molecular characteristics and complex histolog-
ical features. Previous genome studies on GC have revealed that
Elsevier B.V. and Science China Pr
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some driver genes were differently mutated in diverse subtypes.
For example, ARID1A, a chromatin remodeling gene, whose muta-
tion spectrum differed among molecular subtypes of GC, was asso-
ciated with prognosis [1]. In gastric adenocarcinoma, which
accounts for more than 90% of GC, FAT4 and ARID1A were found
to exert a tumor suppressor activity [2]. Wang et al. studied the
landscape and perturbations of the GC genome and epigenome,
and demonstrated that the diffuse-type tumors had a lower
number of somatic single-nucleotide variants (SNVs) and indels
ess. All rights reserved.
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compared to the other subtypes, and that RHOA and CDH1 were
mutated more frequently in diffuse-type tumors [3]. Moreover,
RHOA and CDH1 were also found to frequently mutate in geneti-
cally stable type of GC, which are enriched for the diffuse histolog-
ical variation [4]. In the recent studies, only a few mutated genes
were frequently shared among GC patients, suggesting that rare
mutations might play important roles in individual patients with
GC. In addition, genomic level heterogeneity is the most important
characteristic for cellular evolution during carcinogenesis. To
address the intra-individual heterogeneity and genetic complexity,
high-throughput single-cell sequencing has been widely employed
in cancer research [5–11], such as colon and bladder cancer.

Here, we performed whole exome sequencing on tumor-normal
paired tissues and 43 single cells from a GC patient. We identified
99 somatic SNVs at the tissue level, 201 somatic SNVs at the single-
cell level, and 24 significantly mutated genes (SMGs) including
CDC27 and FLG. We also investigated the possible role of these
events and demonstrated that mutations found in single cells but
absent in the corresponding tumor tissue of this individual may
also potentially contribute to the progression of GC. These results
provided new insights into understanding the molecular hetero-
geneity of GC.
2. Materials and methods

2.1. Sample collection

In our study, the patient was a 59-year-old Chinese male with a
sporadic poorly differentiated gastric adenocarcinoma and signet
ring cell carcinoma on the gastric antrum, classified as stage III
(T3N3M0) according to the seventh TNM staging system for gastric
cancer of the American Joint Committee on Cancer/International
Union against Cancer (AJCC/UICC). With written informed consent,
the fresh tumor and adjacent normal tissue were obtained from
this patient at Beijing Cancer Hospital in accordance with the Dec-
laration of Helsinki II and with the approval of local Ethical
Committees.
2.2. Preparation, lysis, and multiple displacement amplification (MDA)
of single cells

Single-cell suspensions were extracted from fresh samples and
immediately harvested in physiological saline. Single cells were
isolated with a mouth-controlled microcapillary pipetting system
and washed thrice in an elution buffer under an inverted micro-
scope (Nikon Instruments Co., Ltd.). Each cell was immediately
transferred into precooled PCR tubes containing cell lysis solution,
and placed on ice. MDA of single cells was performed with the
REPLI-g Mini Kit (Qiagen, Inc.), along with a physiological saline
blank as the negative control. Samples were incubated in a thermo-
cycler for 10 min at 65 �C. The reaction in a total volume of 50 lL
was performed at 30 �C for 16 h and then terminated at 65 �C for
10 min. MDA products were then stored at �20 �C.
2.3. Concentration measurement, amplification coverage estimation,
and sequencing

The DNA concentration of MDA products was measured on the
QubitTM Quantitation Platform (Life Technologies). A ten
housekeeping-gene PCR was then performed to estimate the
amplification coverage. All qualified MDA products in which DNA
yields reached more than 30 ng/mL and at least 8 housekeeping
genes were successfully amplified, were selected for further exome
sequencing.
The libraries were prepared according to standard Illumina
library preparation procedures. Exome capture was performed
using the Agilent SureSelect Platform according to the manufac-
turer’s protocol. Finally, massively parallel sequencing was per-
formed on the Illumina Hiseq 2000 platform.

2.4. Reads mapping and sample selection

After removal of adapters and low quality reads using the SOAP-
nuke software (http://soap.genomics.org.cn/), all sequencing reads
were mapped to the NCBI Build 37 Human Reference Genome
using Burrows-Wheeler Aligner (http://bio-bwa.sourceforge.net/).
PCR duplicates were also removed using Picard (http://broadinsti-
tute.github.io/picard/). Then, local realignment and base recalibra-
tion was performed using the Genome Analysis Toolkit (GATK)
[12]. The target region files of whole exome captured sequencing
were downloaded from the Agilent website (http://www.ge-
nomics.agilent.com). Single cells which covered more than 50% of
the target region were used for further bioinformatics analysis.

2.5. Detection of single nucleotide polymorphisms (SNPs)

SNPs and indels were detected by the GATK software. Variant
quality score recalibration (VQSR) based on the gaussian model
and hard filtering was applied to filter the false discovery muta-
tions in the tissues and single cells.

There are two types of SNP sites in tissues: SNPs in the tumor
tissue (T-SNPs) and SNPs in the normal tissue (N-SNPs). We sum-
marized the base callings of T-SNPs or N-SNPs to the pre-
processed aligned bam files of all samples (including all tissues
and all single cells) in a pileup format. For tissues, the mutant allele
frequencies of T-SNPs or N-SNPs were calculated as the variant-
supporting reads divided by the total read depth. For single cells,
the mutant allele frequencies of T-SNPs or N-SNPs were calculated
as the number of cells with variant-supporting reads divided by
the total number of cells.

2.6. Evaluation of allele dropout (ADO)

To estimate allele dropout, we used the similar method
described by Li et al. without considering of sequencing depth
[6]. First, a background heterozygous dbSNP subset and a back-
ground homozygous dbSNP subset in the normal tissue were built.
We calculated the heterozygous ratio based on the background
heterozygous dbSNP subset and the homozygous ratio based on
the background homozygous dbSNP subset for each single cell.
We also calculated the false negative rate (FNR) and false positive
rate (FPR) for each single cell. Finally, the mean ADO of normal cells
was selected as the ADO of the entire whole exome single-cell
sequencing data.

2.7. Somatic mutation detection in the tissue samples

For the normal-tumor tissue paired sample, MuTect [13] based
on Bayesian classifier was used to detect single nucleotide variants
(SNVs).

These SNV sites identified as ‘‘alt_allele_in_normal” by MuTect
will be filtered, except those with read depth greater than 200x,
the frequency of normal-supporting reads less than 0.02 and the
frequency of variant-supporting reads greater than 0.05. In total,
we detected 99 SNVs in the tumor tissue.

2.8. Somatic mutation detection in single cells

MuTect was also used to detect the SNVs at single-cell level for
each selected cell using the normal tissue as control. First, the SNV
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sites identified as ‘‘alt_allele_in_normal” by MuTect will also be fil-
tered, except those with read depth greater than 200x, the fre-
quency of variant-supporting reads less than 0.02 in normal
control and the frequency of variant-supporting reads greater than
0.05 in the single cell. Furthermore, the SNVs were filtered by the
following criteria: 1) SNVs with low mutation frequency were fil-
tered. SNVs that were supported by less than two independent
reads or with a frequency of variant-supporting reads less than
0.04 were filtered. 2) We further filtered the SNVs to reduce the
FPR caused by PCR. SNVs existing in three or more tumor cells
but not in any normal cells, or supported by more than two inde-
pendent reads in tumor tissue but not in normal tissue, were pre-
dicted to be somatic SNVs at the single-cell level. In total, we
detected 201 somatic SNVs at the cellular level. ANNOVAR [14]
was then used to functionally annotate the SNV sites.
2.9. Mutation spectrum analysis

According to their nucleotide context-specific exonic mutation
rates, the fraction of 6 mutation types and 96 strand-collapsed
trinucleotide context mutation signatures were calculated [15].
2.10. Pathway enrichment analysis

Somatic non-synonymously mutated genes were searched for
over-representation in molecular Canonical pathways (CP), BIO-
CARTA, KEGG, and REACTOME pathway by Gene Set Enrichment

Analysis (GSEA, http://www.broadinstitute.org/gsea/index.jsp).
Pathways with a FDR (False discovery rate) q-value less than 0.05
were selected.
2.11. Prediction of significant mutated genes (SMGs)

To detect SMGs, we first used two methods: the method
described by Youn et al. [16] and the MutSigCV method (version
1.4) [17]. The model described by Youn et al. evaluates both the
functional impact and the mutation prevalence, and we selected
genes with a Q-score greater than 1 as candidate SMGs. In the Mut-
SigCV method, mutated genes with q value less than 0.1 were
selected. FLG is a TCGA pan-cancer driver gene and PTCH was
mutated in 5/34 tumor single cells. Although these two genes were
not predicted by the two methods, we considered them as SMGs
because of their importance. In total, we detected 24 SMGs.
2.12. Chromatin remodeling related genes, GCG genes, TCGA driver
genes

All chromatin remodeling related genes were found in three
databases: HIstome (http://www.actrec.gov.in/histome/), EpiFac-
tors (http://epifactors.autosome.ru/) and CREMOFAC (http://
www.jncasr.ac.in/cremofac/menuframe.html). CGC (Cancer Gene
Census) genes and the TCGA pan-cancer driver genes were found
in http://cancer.sanger.ac.uk/census [18] and Michael et al. [19],
respectively.
2.13. Phylogenetic tree analysis

Somatic SNVs at the single cell level were used to construct a
phylogenetic tree based on an Unweighted Pair Group Method
with Arithmetic Mean (UPGMA) [20] using MEGA software (ver-
sion 6.06) [21].
2.14. Protein conformation prediction

The Complete Prediction for Protein Conformation (CPPC)
approach directly predicts the folding conformation of the protein
3D structure with Protein Folding Shape Code (PFSC) [22]. A set of
27 PFSCs, obtained through mathematical derivation, could cover
the enclosed geometric space for any folding shape of 5 amino
acids. From a sequence, the possible variations of conformation
for each of five successive residues can be determined according
to the structural data present in protein data bank (PDB). It also
provides the complete description for the protein conformation.
The prediction is based on a database that collects all folding
shapes for any combination of 5 amino acids.

2.15. RNA isolation, reverse transcription (RT), and polymerase chain
reaction (PCR)

Total RNA was isolated from cells using TRIzol Reagent (Invitro-
gen) and was reverse transcribed according to the manufacturer’s
instructions. Conventional PCR products were visualized on 1.5%
agarose gel.

2.16. Immunofluorescence (IF)

Cells were fixed with 4% paraformaldehyde at 4 �C for 10 min.
After washing and pre-blocking, the cells were incubated overnight
at 4 �C with antibodies, followed by incubation with a FITC-
conjugated secondary antibody for 1 h. DAPI was used for nuclear
staining. Images were then analyzed by laser scanning confocal
microscopy (Leica Sp5 Laser Scanning Confocal Microscope, GE).

2.17. Western immunoblotting

Sodium dodecyl sulfate–polyacrylamide gel electrophoresis and
western blotting were performed using standard protocols. Anti-
body binding was detected using the Smartchemi image analysis
system (Sagecreation, Beijing, China).

2.18. MTT assay

Cells were plated in 96-well culture plates, and 3-(4,5-
dimethylthiazol-2-yl)-2, 5-diphenyltertrazolium bromide (MTT)
was added at 24, 48, 72, and 96 h. After 4 h incubation at 37 �C
in 5% CO2, dimethylsulfoxide (DMSO) was added to solubilize the
formazan product. Absorbance at 570 nm was determined using
a microplate reader (Bio-Rad, Hercules, CA, USA).

2.19. Colony formation assay

Single cells were seeded into 60-mm culture dishes on day 0
and were allowed to attach at 37 �C for 24 h at the appropriate
densities. Cells were then incubated in complete culture medium
for 12–15 days. Colonies were stained with 1.0% crystal violet
and 0.5% glacial acetic acid in ethanol.

3. Results

3.1. Whole-exome single cell sequencing in a GC patient

We obtained tumor-normal paired tissues from a 59-year-old
Chinese male patient with GC, classified as T3N3M0 according to
the seventh TNM staging system for this disease of the American
Joint Committee on Cancer/International Union against Cancer
(AJCC/UICC) (Fig. S1 online). We first performed whole-exome
sequencing (WES) of this tumor-normal paired tissue with an aver-
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Table 1
Exome sequencing coverage and depth for cancer and normal control tissue and cells.

Sample ID Average depth (X) on target region Depth range (X) Average coverage of target region (%) Coverage range (%)

34 tumor cells 63.12 29.30–113.16 74.08 50.00–96.50
9 normal cells 91.90 50.40–161.02 77.50 57.20–98.00
Tumor tissue 99.85 NA 99.00 NA
Normal tissue 115.39 NA 99.20 NA

Note: NA: not applicable.
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age depth of 115.4 � (99.2% coverage) and 99.9 � (99.0% coverage)
for normal and tumor tissue, respectively (Table 1).

To obtain the detailed cellular genetic information of this case,
100 tumor cells and 30 normal cells from the patient were
sequenced by whole-exome single cell sequencing, as described
by Hou et al. [8] (Fig. S2a, Table S1 online). After quality control,
43 single cells (�50.0% coverage), including 34 tumor cells and 9
normal cells, were used for further analysis. The average sequenc-
ing depth was 63.1 � (average coverage is 74.1%) for 34 tumor
cells, and 91.9 � (average coverage 77.5%) for 9 normal cells
(Table 1). To assess the performance and reliability of our method,
we estimated the false-negative rate (FNR) and false-positive rate
(FPR) for the tumor and normal cells. The average FNR was 56.7%
for tumor cells, and 53.6% for normal cells (Fig. S2b, Table S2
online). The average FPR was 0.59% and 0.34% for tumor and nor-
mal cells, respectively (Fig. S2c online). In total, the allele dropout
ratio (ADO, see Method) of our single cell data was 53.6%, which is
consistent with those of previous analyses [6,8,23]. Furthermore, a
positive correlation was observed between the mutant allele fre-
quencies of SNPs in tissues and those in single cells (Pearson corre-
lation = 0.440 for the tumor tissue and Pearson correlation = 0.441
for the normal tissue, Fig. S2d, e online), suggesting that the SNPs
in the tissue can also be replicated in single cells. These results
indicated that a higher reliability of sequencing data could be
achieved using our single-cell sequencing method.

3.2. Somatic mutation spectra among GC cells revealed heterogeneity

For this tumor-normal paired tissue, we detected 99 SNVs,
including 58 missense, 5 splicing, 3 nonsense, and 11 synonymous
SNVs (Table S3 online). C:G? T:A was the most commonmutation
type (Fig. S3 online), which was in accordance with the previously
reported GC tissue sequencing data [1,2]. We found that RHOA and
CDH1, which are also reported to be driver genes and were more
significantly mutated in diffuse-type GC than in the other GC types
[3,4], were mutated in this case, suggesting that the GC type of this
patient may be more similar to the diffuse type.

Using normal tissue as the control, we also identified 20,795
SNVs in 43 single cells (Fig. S3a online). The most common muta-
tion type of these SNVs was also C:G? T:A (Fig. S3b, c online). We
observed that the numbers of SNVs in some cells were unusually
high, especially in normal single cells, which was probably caused
by a high false positive rate. To reduce the false positives and iden-
tify the potential somatic SNVs in tumor single cells, we selected
SNVs that presented in at least three tumor cells or supported by
more than two independent reads in the tumor tissue, but did
not exist in any normal cell and were not supported by any reads
in the normal tissue. Ultimately, 201 SNVs were selected as poten-
tial somatic SNVs and retained for further analysis, of which 151
were located in the coding region, including 112 missense, 34 syn-
onymous, and 5 nonsense SNVs (Table S4 online). In single cells,
72.6% (146/201) somatic mutations were supported by reads from
exome sequencing of the tumor tissue. C:G? T:A was also the
most common mutation type for these somatic SNVs (Fig. S3b
online). In addition, we performed pathway enrichment analysis
of mutated genes that altered the protein sequence at the single-
cell level and found several top enriched pathways, including the
extracellular matrix (ECM) related pathway (Fig. S4, Table S5
online).

To explore the intercellular heterogeneity of GC, hierarchical
clustering of 201 single-cell somatic SNVs was performed
(Fig. 1a). However, the somatic SNVs were very sparse and no
SNV presented in all tumor cells, possibly due to the intercellular
heterogeneity of GC or the ADO. We then constructed a phyloge-
netic tree based on the Unweighted Pair Group Method with Arith-
metic Mean (UPGMA) and found that tumor cells clustered
separately from normal cells (Fig. 1b).

3.3. Identification of significant mutated genes (SMGs) in single cells

To further assess the likelihood of somatic mutant genes from
single cells that might play an important role in GC development
of this case, we identified 24 candidate somatic SMGs at the cellu-
lar level (Fig. 1c, Fig. S5, Tables S6 and S7, online). Of these, SORD
(Sorbitol dehydrogenase), which has been reported in colorectal
and prostate cancer [24,25], was the most frequently mutated gene
of 24 SMGs and was detected in 9 of 34 tumor cells. Another gene,
REXO2, which participates in DNA repair, replication, and recombi-
nation and may have a potential relationship with the cancer, was
detected as mutated in 8 of 34 tumor cells. REC8 (altered in 9/34
single cells) is related to the cell cycle, and mitotic and oocyte
meiosis pathways. Furthermore, eight genes (CDC27, FLG, NSD1,
PDE4DIP, RAF1, ZNF483, ETV6, and SMO) were reported in the Can-
cer Gene Census (CGC) or the TCGA pan-cancer driver gene list,
whereas six other genes (BAZ1A, NEK6, RNF2, RNF20, RBBP4, and
NSD1) were related to chromatin remodeling (Table S8 online).

To investigate whether somatic SMGs in single cells were also
frequently mutated in tissues, we first compared all somatic
mutated genes in tumor cells with those in the corresponding
tumor tissue of this case and found that only 12 genes were shared
(Table S9 online), suggesting the intercellular heterogeneity of GC.
Moreover, we compared somatic mutated genes in single cells with
those in an additional cohort of 54 paired GC tissues (whole gen-
ome sequencing, unpublished data), and found that 44 genes were
shared (Fig. 2a). Of these, five genes (CDC27, FLG, PDE4DIP, CLEC4M,
and SPTA1) had non-silent substitutions in at least three tumor tis-
sues from the 54 GC patients but were not mutated in the tumor
tissue of the current case (Fig. 2b, Table S10 online). Among them,
CDC27, FLG and PDE4DIP were also somatic SMGs. These results
indicated that genes with high mutation frequencies in our
single-cell data but absent in the corresponding tissue, may also
mutated frequently at the population level and tend to play an
important role in GC single cells. We further validated this concept
through fingerprinting of somatic SMGs and functional characteri-
zation of CDC27 and FLG gene.

3.4. Protein conformation variations in SMGs

To investigate the noxiousness of mutations in 24 SMGs, we
need to know the relevance between mutations and the variations
in protein structure, such as the conformation changes induced by
the replacement of residues. We found that conformation changes
for 24 SMGs were predicted to change by the protein folding shape
code (PFSC) [22], except for REC8 (Table S11 online). Of which, we



Fig. 1. The mutation spectrum of 43 single cells and their phylogenetic relationship. (a) Unsupervised two-way hierarchical clustering of 201 somatic SNVs in 43 single cells.
Red and blue depicts the mutation or its absence, respectively. (b) Data of 201 somatic SNVs were used to build the phylogenetic three based on UPGMA. c Identification of
SMGs in single cells. The mutant genes spectrum at the single-cell level. At the top, the column diagram depicts the number of raw SNVs in single cells; 24 SMGs were
performed. The markers ‘‘Y”, ‘‘M”, ‘‘C”, ‘‘T”, and ‘‘*” indicate the genes predicted as SMGs by the Youn et al. method or MutSigCV, or presented in CGC or TCGA pan-cancer
driver genes or chromatin remodeling-related genes, respectively. On the left, the horizontal bar depicts the mutation frequency of the selected genes and the horizontal bar
on the right depicts the number of samples with variant-supporting reads of SMGs, including the remaining 66 GC single cells, which were filtered by QC.
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performed the conformation changes induced by the point muta-
tion of two genes, CDC27 (E109D mutation) and FLG (T454A muta-
tion) (Fig. 3a, b). Other than folding shape variations, we found that
the folding number was reduced around position E109D after
mutation in CDC27, suggested that the flexibility of this conforma-
tion change was restricted. A similar phenomenon was observed in
FLG with the T454A mutation. These results suggested that these
mutations could trigger characteristic changes in protein confor-
mation, which would affect the biological functions of the protein,
such as activity, inactivity, or noxiousness.
3.5. Characterization of mutated CDC27 and FLG in gastric cancer cells

In our single cell data, CDC27 was mutated in 4 single cells (3
synonymous and 1 missense) and was supported by reads of
mutant allele in another 8 tumor cells and the tumor tissue
(Fig. 1c, Table 2, Table S12). To reveal the potential function of
CDC27, we performed functional experiment with CDC27 in vitro.
CDC27 expression was assessed in gastric cancer cell lines by west-
ern blotting and higher CDC27 expression was found in AGS and
NCI-N87 cell lines compared with that in other cell lines
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Fig. 2. Comparison between mutated genes in GC cells and those in 54 additional GC tissues. (a) The Venn diagram depicts the relationship between the number of mutated
genes in GC cells and those in 54 additional GC tissues. There were 146 genes mutated in the coding region of GC cells, while 3395 mutated genes were detected in 54
additional tissues, with an overlap of 44 genes. (b) The pyramid depicts the mutation landscape of the overlapping genes between GC cells (upper panel) and the 54 additional
tissues (lower panel). Blue, red, and green indicate missense, nonsense, and synonymous mutations, respectively.

Fig. 3. Protein conformation of CDC27 and FLG gene. (a) The conformation changes in CDC27 by mutation of E109D are shown. (b) The conformation changes in FLG by
mutation of T454A. The predicted conformations were described with PFSC. Each column lists the PFSC of the possible folding shape of 5 amino acids.
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Table 2
Depths for missense sites in CDC27 and FLG genes.

Gene Chr Position Ref Alt SampleID Depth Ref_reads_count Mutated_reads_count SNV

CDC27 chr17 45,247,333 C A 100611GC-T1 31 29 2 No
CDC27 chr17 45,247,333 C A GC-15 24 22 2 No
CDC27 chr17 45,247,333 C A GC-37 10 0 10 Yes
CDC27 chr17 45,247,333 C A GC-5 8 4 4 No
FLG chr1 152,286,002 T C 100611GC-T1 432 430 2 No
FLG chr1 152,286,002 T C GC-24 18 12 6 Yes
FLG chr1 152,286,002 T C GC-60 570 568 2 No

0

Time (h)
48 72 9624 0

Time (h)
48 72 9624

0

Time (h)
48 72 96240

Time (h)
48 72 9624

Fig. 4. Functional characterization of CDC27. (a) Expression of CDC27 in GC cells detected by western blot. The effect of CDC27 knockdown on cancer cell proliferation was
detected by an MTT assay in AGS cells (b) a colony formation assay in AGS cells (c), an MTT assay in NCI-N87 cells (e) and a colony formation assay in NCI-N87 cells (d). (f) The
effect CDC27 knockdown on the expression of Cyclin B1 was determined by western blotting in AGS cells (left) and NCI-N87 cells (right).
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(Fig. 4a). CDC27 expression in AGS and NCI-N87 cells was then
knocked down by shRNA. MTT and colony formation assays
showed that deletion of CDC27 promoted cell growth and colony-
forming abilities compared to those in control cells (Fig. 4b-e).
CDC27 is a component of the anaphase promoting complex/cyclo-
some (APC/C) and a cell cycle-regulated E3 ubiquitin ligase, which
can control progression through mitosis and the G1 phase of the
cell cycle [26]; hence, the expression of Cyclin B1 was examined.
As shown in Fig. 4f, Cyclin B1 expression was upregulated by
CDC27 deletion in both cell lines. Taken together, these results sug-
gest that CDC27 is a tumor suppressor that is inactivated upon
mutation.

FLG (Filaggrin), which was reported as a TCGA pan-cancer driver
gene, was mutated in one single cell and was supported by reads of
mutant allele in another one tumor cell and the tumor tissue
(Fig. 1c, Table 2). FLG expression was also detected in gastric cancer
cell lines by western blot and higher FLG expression was found in
MGC803 and SGC7901 cell lines compared with that in other cell
lines (Fig. 5a). Immunofluorescence experiments revealed that
FLG was localized in the cytoplasm of all the GC cell lines
(Fig. 5b). FLG expression was then knocked down in SGC7901 cells
by shRNA (Fig. 5c). MTT and colony formation assay showed that
deletion of FLG promoted cell growth and colony-forming abilities
compared with those in control cells (Fig. 5d, e). Our data showed
that FLG knockdown resulted in up-regulated expression of IL8,
which induced inflammation. These results suggest that knock-
down of FLG might promote cell growth through induction of
inflammation, which is an inducer of GC.
4. Discussion

Until date, the intra-individual variations of GC have remained
unknown. This study presents the mutation landscape of GC at
the single-cell level by whole-exome single-cell sequencing for
the first time and demonstrates that 24 somatic significant
mutated genes (SMGs) and highlighted CDC27 and FLG might alter
protein conformation and potentially contribute to promoting GC
progression by inducing abnormal cell growth.

In recent studies on cancer at the single-cell level, researchers
discovered that genes might mutate at a low frequency of the pop-
ulation level but at a high frequency of the single-cell level, indicat-
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Fig. 5. Functional characterization of FLG. (a) Expression of FLG in GC cells detected by western blot. (b) Localization of FLG in GC cells detected by immunofluorescence. (c)
The effect of FLG knockdown the expression of IL8 in SGC7901 cells. (d) The effect of FLG knockdown on cancer cell proliferation was detected by an MTT assay in SGC7901
cells and e a colony formation assay in SGC7901 cells.
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ing the existence of intra-tumoral and inter-tumoral heterogeneity
[5]. Analogously, we compared single cells with the corresponding
tissue and 54 additional paired tissues, and found 4 groups of
mutated genes with different mutation frequencies between the
single-cell level and population level: high at both levels; high at
the single-cell level but low among tissues, implying the driver
event in an individual but not prevalent in the population; high
at the population level but low among tumor cells; and low at both
levels. The roles of these four groups of genes in GC were unclear
and further investigations are necessary. In colon cancer, people
have found a few driver events with high mutation frequencies
both at single-cell and population level, such as TP53 and APC,
but also found SLC12A5, which frequently mutated among cancer
cells but not population, was also potential driver [5]. In our study,
we also found five genes with high mutation frequency at the
single-cell level but absent in the corresponding tissue, which were
also frequently mutated at the population level and might play an
important role in single GC cells. As expected, CDC27 and FLG pro-
mote GC progression through affecting cell growth by fingerprint-
ing and functional characterization. Of these, CDC27 was reported
as a TCGA pan-cancer driver gene that is recurrently mutated in
prostate cancer [27] and colon cancer single cells [5]. Low CDC27
and high securin expression was reported in breast cancer patients
and significantly correlated with clinical outcomes [28]. In present
study, we focus to analysis of gene mutation correlated with intra-
tumoral heterogeneity in GC. The protein structure determines the
function of protein, hence, we used PFSC to predict the protein
folding. Following gene mutation, it is not only the amino acid
sequence changed, but also protein three-dimensional structure
has been transformed. Future experiments in vivo, including ani-
mal models, would more definitely address the functional signifi-
cance of these two genes in GC.
Single-cell genome sequencing is an effective way to provide
new insights into heterogeneous human tissue samples and help
to understand the progression of the cancer [29]. However, a critical
question is how to design experiments that faithfully capture the
true range of heterogeneity from samples of cellular populations,
in which the balance between the number of cells sequenced and
sequencing costs needs to be taken into account [29,30]. In early
experiments and efforts [5–8], researchers have analyzed several
cancer types with only one patient by no more than one hundred
of single cell genome sequencing and successfully provided the
intra-tumor heterogeneity, clonal evolution and driver mutations
landscape of the specific cancer patients. For example, Hou et al.
carried out whole exome single cell sequencing of 58 cells from a
JAK2-negative myeloproliferative neoplasm patient and identified
essential thrombocythemia (ET)-related candidate mutations such
as SESN2 and NTRK1, which may be involved in neoplasm progres-
sion [8]. In this study, we also found the great intra-tumoral hetero-
geneity in a GC patient and identified functional relevant genes
(such as CDC27 and FLG) in tumor cells which were missed in the
SNV identification of tumor tissue based on the 43 single cells.
However, with the recent experimental development, decreasing
sequencing cost and huge intra-tumoral heterogeneity observed
in GC, more patients and single cells should be included in order
to capture not only abundant, but also rare cell types.

Gastric cancer has high heterogeneity with multiple cellular
types and poor prognosis, especially diffuse-type. In our study,
we found this case is more similar to diffuse-type and have RHOA
and CDH1 mutation. The somatic SNVs and high frequency muta-
tions at single-cell level were sparse, possibly due to high intra-
tumor heterogeneity [31]. A phylogenetic tree of cells demon-
strated a large amount of ‘‘genetic noise” likely to be a stochastic
progression of mutation in GC. In some single cell studies in cancer,
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people have found a series of unanticipated discoveries, such as the
high heterogeneity and stochastic changes in cancer-cell popula-
tions and the complicated clonal evolution mechanisms [10].
Future large-scale studies on GC single cells with more tumor
stages are crucial for better understanding the intra-tumor hetero-
geneity and the evolution of this complex disease at the cellular
level and providing novel insights for effective personalized
therapies.
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