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A B S T R A C T

Chemotherapy and radiotherapy are main adjuvant therapies for the treatment of gastric cancer, the treatment
effects are individual difference, but the specific mechanism is unknown. CyTOF 2 mass cytometer (CyTOF)
enables the detecting up to 135 parameters on single cell, the emergence of which is an opportunity for pro-
teomics research. We first tried to apply CyTOF technique to gastric cancer cells. We verified applicability of
CyTOF in gastric cancer cells, and analyzed the responses of seventeen proteins to chemoradiotherapy in human
gastric cancer AGS cells. To analyze the high dimensional CyTOF data, we used two statistical and visualization
tools including viSNE and Citrus. Two specific clusters were found which had differences in protein expression
profiles. CyTOF technology is proved feasibility and value at single cell level of gastric cancer.

1. Introduction

Gastric cancer (GC) is the fifth most-common cancer and also the
third major cause of cancer associated death across the world [1]. In
2018, it is estimated that 1033,701 new diagnoses and 782,685 deaths
from GC reported globally in global today network (http://gco.iarc.fr/
today/data/factsheets/cancers/7-Stomach-fact-sheet.pdf). In addition
to surgery, chemotherapy [2] and radiotherapy (RT) [3] are the most
important complementary treatments for the treatment of GC.Per-
ioperative [4,5] or postoperative chemoradiation [6–8] is the preferred
approach for localized GC. To reduce tumor size and inhibit invasion
and metastasis before surgery or reduce the risk of recurrence after
surgery, neo-adjuvant chemotherapy or RT is given to GC. For un-
resectable locally advanced, recurrent or metastatic disease, chemor-
adiation is used as a palliative care to reduce suffering and prolong life.
Fluorouracil, especially 5-fluorouracil, is one of the main chemother-
apeutics for the treatment of GC [9]. Phenotypic and functional het-
erogeneity [10] and therapy resistance [11] may be the cause of the
difference in the treatment effect or prognosis of chemoradiotherapy,
but there is no single cell level study to confirm the relationship

between cell heterogeneit and efficacy. So further research on single
cell level is needed.

CyTOF 2 mass cytometer (CyTOF) was developed as a new approach
for the detection of proteins at single cell level. CyTOF uniquely com-
bined inductively coupled plasma time-of-flight mass spectrometry with
maxpar metal-labeling technology. This technique gained un-
precedented resolution with 135 detection channels, and more than 40
markers per cell had been measured [12,13].Compared with traditional
flow cytometry, CyTOF has the advantage of high multiplicity of bio-
marker detection, absolute quantification, absence of detection channel
overlap, no sample matrix effects, simplified measurement protocols,
and overall lower sample and reagent consumption [13]. CyTOF tech-
nology was originally applied to human leukemia, such as immune cell
phenotype and function [14], chemotherapy drug efficacy [15,16] and
cell phenotype distribution [17]. CyTOF had catalyzed the development
of single-cell proteomics, but there have been no reports on the appli-
cation of CyTOF technology in GC field.

Here, we analyzed the responses of seventeen proteins to chemor-
adiotherapy in human gastric cancer AGS cells with CyTOF technology
at single-cell level, and prove applicability of CyTOF technology in GC
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single-cell proteomics.

2. Materials and methods

2.1. Cell line

Human GC AGS cell line was purchased from Culture Collection of
the Chinese Academy of Sciences, Shanghai, China. It was derived from
fragments of a gastric adenocarcinoma resected from a 54-year-old fe-
male Caucasian patient who had received no prior therapy in 1979. It
was tumorigenic in athymic BALB/c mice.

2.2. Cell culture

Human GC AGS cells were cultured in RPMI 1640 (Thermo, Grand
Island, NY) containing 10% fetal bovine serum (Thermo, Gibco, Grand
Island, NY) at 37 °C in a humidified 5% CO2 incubator.

2.3. Radiation

Cell cultures were irradiated with single doses, 2·5 Gray (Gy), one
time, and the field size at SSD was 30×30 cm [18]. An unirradiated
control was included as negative control. Forty-eight hours after RT, the
expression of seventeen proteins were detected by CyTOF.

2.4. Chemotherapy

Cells were cultured at 37 °C in RPMI 1640 medium supplemented
with 10% fetal bovine serum and 5% CO2. Cells were treated with 5-FU
(5- fluoroura cil) at a concentration of 1 μg/ml. Then cells were de-
tected with CyTOF after 48 h of culturing.

2.5. Mass cytometry

Take 3 million logarithmic growth phase cells after being trypsin-
digested and PBS-washed. Centrifuge each sample at 140×g for 5min
(repeated twice), remove the supernatant and collect the cells. Use the
above cells for mass cytometry. Add 1ml methanol into each sample,
fix for 10–30min at −20 °C, mix well with 1ml of staining buffer,
centrifuge at 800×g for 5min, and remove the supernatant. Add 83 μl
staining buffer and antibodies (1 μl/antibody, respectively), mix well
and incubate for 30min at room temperature. Seventeen proteins were
randomly selected to assemble a panel with beads, barcodes, DNA test
channels and Live/Death test channel, the information of metal con-
jugated antibodies were shown in Table 1. Add 1ml PBS buffer re-
spectively and centrifuge each sample at 800×g for 5min. Add 1ml
PBS respectively, centrifuge each sample at 800×g for 5min, remove
the supernatant. Add 1mL PBS buffer separately and start the CyTOF2
mass cytometer (Fluidigm Corporation, South San Francisco, CA).
Single-cell data were collected in FCS files.

2.6. Data preprocessing

CyTOF data analysis processing was used to find clusters with spe-
cific expression combining chemotherapy and RT GC cell lines. CyTOF
data was normalized by a MATLAB-based software program called bead
normalization [19]. Normalized data was analyzed using cytobank
software to generate clean data by eliminating beads and cisplatin-po-
sitive events.

2.7. The viSNE implementation

viSNE is a fast, distributed implementation of the t-SNE algorithm,
improved and tailored for the analysis of single-cell data [20]. viSNE is
a computational tool that projects cells onto a two dimensional map
such that the distances between cells in 2D reflect the distance between

them in high-dimensional space [21]. Thus, cells that are close together
on a viSNE map are phenotypically similar for the markers used to
create the map. Users then identify and characterize populations of cells
based on the groups formed in the viSNE map. We performed a viSNE
analysis of the GC cell lines among 5-FU Group, RT Group and Con
Group. In viSNE, a point in high dimensional space represents each cell
is, and each coordinate representing one measured parameter (e.g., the
protein expression level), the expression intensity of each parameter
can be visualized as heat intensity on the viSNE map, enabling identi-
fication of differently expressed cells between different groups. Im-
portantly, viSNE allowed a global single-cell view of the data.

2.8. CITRUS analysis

Given cytometry data from many samples and an endpoint of interest
for each sample (e.g., good or poor patient outcome, patient survival
time), Citrus identifies clusters of phenotypically similar cells in an un-
supervised manner, characterizes the behavior of identified clusters by
using biologically interpretable metrics, and leverages regularized su-
pervised learning algorithms to identify the subset of clusters whose
behavior is predictive of a sample's endpoint. Citrus (cluster identifica-
tion, characterization and regression) was developed as a data-driven
approach for the identification of stratifying subpopulations in multi-
dimensional cytometry datasets. The False Discovery Rate (FDR)
threshold helps to make sure that models produced by PAM don't include
too many false positive features. For any given Citrus run, a trait will
either be the median intensity of a biological marker in that cluster,
depending on the setup parameters of the run. Each data point on the
model error rate graph is a model that Citrus is evaluating. The number
of features in each model is shown at the top of the graph. The cross-
validation error rate is the percentage of times that the model is wrong at
predicting the sample group that a file belongs to when it is not included
in the training set to build a model (https://support.cytobank.org/hc/en-
us/articles/226678087-How-to-Configure-and-Run-a-CITRUS-Analysis).

Table 1
The information of metal conjugated antibodies panel.

Channels Name Metal Parameters/antibodies

Pd102Di Pd102Di Barcode
Pd104Di Pd104Di Barcode
Pd105Di Pd105Di Barcode
Pd106Di Pd106Di Barcode
Pd108Di Pd108Di Barcode
Pd110Di Pd110Di Barcode
Ce140Di Ce140Di Barcode
Pr141Di Pr141Di CD326
Nd142Di Nd142Di Beads
Ce142Di Ce142Di Beads
Nd144Di Nd144Di IL-4
Nd148Di Nd148Di GAL
Nd150Di Nd150Di MIP-1
Eu151Di Eu151Di IL-5
Sm152Di Sm152Di TNFα
Eu153Di Eu153Di Beads
Sm154Di Sm154Di CD45
Gd156Di Gd156Di IL-6
Gd158Di Gd158Di IL-2
Gd160Di Gd160Di CD14
Dy164Di Dy164Di IL-17
Ho165Di Ho165Di Beads
Er168Di Er168Di IFNg
Er170Di Er170Di CD3
Yb171Di Yb171Di GranzymB
Yb173Di Yb173Di CD104
Yb174Di Yb174Di CK8/18
Lu175Di Lu175Di Perforin
Ir191Di Ir191Di DNA
Ir193Di Ir193Di DNA
Pt195Di Pt195Di Live/Dead
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The minimum cluster-size threshold (MCST) is set up 10%. Table 1 shows
a mass cytometry staining panel.

2.9. Statistical analysis

All results were shown as mean ± SD and analyzed using GraphPad
Prism 7 (GraphPad Software, San Diego, California) from at least three
independent experiments. The differences between the groups were
calculated with Mann-Whitney test. Data were considered statistically
significant when P < 0·05.

3. Results

3.1. Apoptosis of AGS cells were induced by chemoradiotherapy

Cells were treated by 1 μg/ml 5-FU or 2·5 Gy RT, the cells were col-
lected and stained by metal conjugated antibodies (antibodies informa-
tion shown in Table 1) at 48 h after the treatment. The size of AGS cells
was measured, approximately 18–45 μm, and the cells could pass
through nebulizer and quadrupole of CyTOF machine, metal isotopes
were detected by CyTOF, analysis of flow chart was shown in Fig. 1.And
cellular apoptosis was analyzed by Cisplatin (Pt 195 Pi) through Cyto-
bank. Compared with Con Group cell counts (45491 ± 1385·1), apop-
tosis was induced in 5-FU and RT Group (58724 ± 620·6,
49363 ± 1097·7, P < 0.05, respectively). Chemoradiotherapy induced
cell apoptosis was also verified by traditional method, cell counting kit-8
(CCK-8) assay (Fig. S5) and colony formation assay (Fig. S6)

3.2. Phenotypes of AGS cells revealed by ViSNE after chemoradiotherapy

The expression profiles of AGS cells were visualized by viSNE. viSNE
plots revealed that 5-FU chemotherapy and RT induced some changes
in the phenotype and function of AGS cells. As Fig. 2 shown, the col-
orful plots showed that 5-FU-treated and radiation-induced cells loca-
lized in the different areas of the viSNE plot, demonstrating that the
combinatorial marker expression changes of AGS cells after 5-FU che-
motherapy or RT. Specifically, 5-FU chemotherapy decreased cell
density in some makers’ blue areas of the plot, for example, IL-6, TNFα,
IFNg, CK8/18 and GranzymB. Phenotypic changes in other 12 proteins
after chemoradiotherapy were seen in Fig. S1. To prove the feasibility
of the viSNE method, MGC-803 (another GC cell line) cells were de-
tected and analyzed by the same method, and data was shown in
Fig. S7.

3.3. Automatically subset single cell data was calculated by citrus among
groups of AGS cells

Furthermore, we used Citrus to undertake a more systematic in-
vestigation of phenotypic and functional differences between samples
after 5-FU chemotherapy and RT [22]. Citrus constructed classification
models using significance analysis of microarrays (SAM) and nearest
shrunken centroid (PAMR) methods. We chose nearest shrunken cen-
troid method. Plotting the classification error rates and feature false
discovery rates (FDRs) of each model were estimated with Cross vali-
dation and permutation tests respectively (Fig. 3A). The corresponding

Fig. 1. Flow chart of CyTOF data analysis processing in this study.

S. Han, et al. Experimental Cell Research 384 (2019) 111568

3



phenotypes for clusters whose behavior differs between the three sti-
mulation groups were described. Citrus divided AGS cells into 16
clusters and automatically picked out the noteworthy clusters by
models running in 10% minimum cluster size, 1 cross-validation, and
1% false discover rate.

Automatically subsets were shown in Fig. 3B. The clusters of worthy
attention were colored to wine red in light gray area, including 44992,
44993, 44994, 44996 and 44999 clusters in single cell data of CD326
expression. The worthy clusters of other proteins expression single cell
data were shown in Fig. S2.

Then, all clusters data were analyzed and found two specific clus-
ters, 44992 and 44993 clusters, which had different protein expression
profiles within each group. Cluster 44992 had a phenotype of low ex-
pression of TNFα, IL-6, IFNg, GranzymB and CK8/18 while cluster
44993 expression profile was nearly converse to cluster 44992, which
role out a high expression of TNFα, IL-6, IFNg, GranzymB and no ex-
pression change of CK8/18 (Fig. 3C). The expression profiles of other
worthy clusters were shown in Fig. S3.

Further analyzed different expression levels of seventeen proteins in
44992, 44993 and other worthy clusters cells among control, 5-FU, and
RT group. As shown in Fig. 3D, compared with Con Group, CD326
expression was upregulated by 5-FU and RT treatment in the both
clusters. The expression of GAL, IL-4 and IL-17 was increased by 5-FU in
44992 cluster cells, however 5-FU induced the expression of IL-5 and
CD45 in 44993 cluster cells. The expression levels of other proteins
were shown in Fig. S4.

To prove the feasibility of the Citrus method, the FDR (Fig. S8A),
Citrus network (Fig. S8B), Citrus histograms (Fig. S8C) and different
protein expression profiles (Fig. S8D) were analyzed by Citrus in MGC-
803 cells. Two specific clusters, 1473 and 1484, were found that MIP-1
expression was upregulated by 5-FU and RT treatment in 1473 cluster,
and GAL expression was decreased by 5-FU and RT treatment in 1484
cluster. This result proved that Citrus analysis method was feasibility in
single cell level study.

3.4. The overall expression level was changed in 5-FU chemotherapy and
RT treated AGS cells

In AGS cells, Mann-Whitney test showed that the expression of
TNFα, IL-6, IFNg, GranzymB and CK8/18 in 5-FU Group was higher
than that in Con Group, the differences were statistically significant
(P < 0·05). Combined with the median expression of each protein in
Cytobank, the different expression proteins (> 1·5 fold change) in-
cluded TNFα, IL-6, and GranzymB.

While the expression of TNFα, IL-6, IFNg, GranzymB and CK8/18 in
RT Group was higher than that in Con Group, the differences were
statistically significant (P < 0·05). Combined with the median ex-
pression of each protein in Cytobank, there was no different expression
protein (> 1·5 fold change, Table 2).

4. Discussion

The data of single-cell analysis has opened a new area for analyzing
cancer cell heterogeneity. In genomics, single-cell sequencing technique
has ushered a development of genetic evolution of cancer, including
genetic mutation and copy number variation [23]. In proteomics, the
techniques were almost based on flow cytometry and mass spectro-
scopy, including flow cytometry, CyTOF, single-cell proteomics by
mass-spectrometry (SCoPE-MS) [24]. Modern flow cytometry can per-
form simultaneous detection of 10–20 parameters per cell, at
throughput rates above 10,000 cells per second [25]. State-of-the-art
systems may reach as many as 50 parameters [26]. Mass cytometry has
the characteristics of high-speed analysis of traditional flow cytometry
and high-resolution capability for mass spectrometry. ICP-MS device
has a very wide atomic weight detection range (88–210) which can be
carried out multiple detections, it can measure hundreds of different
parameters simultaneously with no interference in each channel. In
addition, due to the non-specific binding ability of metal tags and cel-
lular components, its background signal is extremely low [27]. Ex-
tensive and dynamical protein modulation of tumors may be more
critical than RNA, which becomes a rising concerning [28]. At the
present study, the heterogeneity was first detected by CyTOF in GC AGS
cells with or without chemoradiotherapy.

In this study, the size of AGS cells was measured, approximately
18–45 μm, and the cells could pass through nebulizer and quadrupole of
CyTOF machine. Then, the panel was selected (Table 1), including se-
venteen proteins, depending on the main panels of SciLifeLab National
Mass Cytometry Facility at Linkoping University (http://cytof.
scilifelab.se/panels). We analyzed the responses of seventeen proteins
to chemoradiotherapy by viSNE and Citrus at single-cell level in human
GC AGS cells. Two specific clusters are found, which had differences in
the protein expression profiles (Figs. 3B and S3). This study verified
applicability of CyTOF technology at the single cell level of GC.

The heterogeneity of protein expression profiles was shown in
44992 and 44993 clusters. The expression of TNFα, IL-6, IFNg,
GranzymB and CK8/18 were different in 44992 and 44993 clusters.
Cluster 44992 cells had the low expression of TNFα, IL-6, IFNg,
GranzymB and CK8/18, while cluster 44993 cells showed a nearly

Fig. 2. viSNE-displayed the expression
changes of combinatorial markers (IL-6,
TNFα, IFNg, CK8/18 and GranzymB) on
AGS cells after 5-FU chemotherapy or
radiotherapy. T-stochastic neighborhood
embedding (t-SNE) plots shows that 5-FU-
treated and radiation-induced cells loca-
lized in the different areas of the viSNE plot.
Expression plots are represented in a color
scale, from blue (low) to red (high).
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converse phenotype to cluster 44992 which had the high expression of
TNFα, IL-6, IFNg, Granzym B and no expression change of CK8/18. It
has been reported that the aberrant productions of TNFα and IL-6 were
associated with treatment resistance [29–32]. Thus, we speculate that
44992 cluster cells may be resistant to chemotherapy or RT, compared
with 44993 cluster cells. More study is needed to investigate the effect
of the different protein expression profiles of 44992 or 44993 clusters in
the future, through cell separation from AGS cells. We also tested an-
other GC cell line MGC803 in the same way and confirmed the feasi-
bility of the viSNE and Citrus methods, results proved that methods was
feasibility in single cell level study (Figs. S7–S8).

In the future, we will re-assemble panels, which includes epidermal
growth factor receptor (EGFR, for anti-EGFR durgs cetuximab and pa-
nitumumab screening), vascular endothelial growth factor/vascular

endothelial growth factor receptor (VEGF/VEGFR, for anti-VEGFR
durgs bevacizumab and apatinib screening), human epidermal growth
factor receptor 2 (HER2, for anti-HER2 durgs trastuzumab and lapatinib
screening), and apply CyTOF technology to evaluate the therapeutic
sensitivity combined with traditional chemotherapy drugs (docetaxel,
oxaliplatin, cisplatin etc.), and further guide individualized medication.

Our study demonstrates the applicability of CyTOF in GC cells and
the heterogeneity of protein expression profiles was verified. Two
specific clusters are found which had differences in protein expression
profiles, which may be the cause of the difference in the treatment ef-
fect or prognosis of chemoradiotherapy. Depending on detection ad-
vantage (up to 135 parameters), CyTOF will bring about breakthrough
at single-cell level in GC research field, through designing new panels.

Fig. 3. Automatically subset single cell data was calculated by Citrus among groups of AGS cells. (A) The False Discovery Rate (FDR) threshold helps to make sure
that models produced by PAM don't include too many false positive features. Each data point on the model error rate graph is a model that Citrus is evaluating. Our
analysis produces models with low (good) cross validation error rates. (B) Citrus network tree visualizing clusters of worthy attention colored to wine red in light gray
area, including 44992, 44993, 44994, 44996 and 44999 clusters in single cell data of CD326 expression. Circle size reflects number of cells within a given cluster. (C)
Two specific clusters, 44992 and 44993 clusters, which had different protein expression profiles within each group generated by Citrus histograms. Cluster 44992 has
a phenotype of low expression of TNFα, IL-6, IFNg, GranzymB and CK8/18 while cluster 44993 shares a nearly converse phenotype to cluster 44992 which role out a
high expression of TNFα, IL-6, IFNg, GranzymB and no expression change of CK8/18. (D) Further analyzed different expression levels of seventeen proteins in 44992,
44993 among Con, 5-FU, and RT groups. Compared with Con Group, CD326 expression was upregulated by 5-FU and RT treatment in both clusters. The expression of
GAL, IL-4 and IL-17 was increased by 5-FU in 44992 cluster cells, however 5-FU induced IL-5 and CD45 expression in 44993 cluster cells.
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Table 2
Median expression of each indicator in Cytobank in AGS cells.

Antigens 5-FU RT Con

IL-5 4.99 2.41 2.51
CD45 6.03 4.34 4.06
IL-6 4.96 2.77 2.77
Perforin 16.23 10.42 10.66
Galectin 109 81.6 85.5
TNFα 6.76 3.55 3.95
CD326 2434 2140 1691
IL-4 17 11.3 11.7
IL-2 7.09 4.06 4.24
CD14 4.24 3.04 3
IL-17 13.07 6.6 7.9
IFNg 13.4 7.74 9.43
CD3 2.3 1.4 1.3
CK8/18 527.14 347.2 355.46
MIP-1 5.6 3.74 3.61
GranzymB 4.26 2.36 2.66
CD104 36.47 43.76 29.39

Note: 5-FU Group (AGS cells dealt with 5- fluorouracil), RT Group (AGS cells
dealt with RT) and Con Group (AGS cells that have not been treated).
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