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Abstract: Subcutaneous implantation of a human cancer cell line in immune-deficient mice (CDX) is a commonly 
used tool in preclinical studies for the assessment of potential anti-cancer drugs. As immunotherapy is transform-
ing cancer treatment, tumor models in immunocompetent mice are necessary for us to understand the immune 
aspects of tumor biology. However, the systemic immune response to the implantation of cancer cells at proteome 
level is unclear. In this study, we characterized the dynamic proteomic changes of subcutaneous tumors and 5 im-
mune organs (draining lymph node, mesenteric lymph node, spleen, thymus and marrow) at six time points after 
implantation using a Hepa1-6 derived allograft mouse model. Our data suggest that interaction of the implanted 
tumor cells with mouse immune system followed the trajectory of “tumor rejection” to “immune evasion” in that the 
tumor gained the ability to evade the immune system for growth. Furthermore, anti-PDL2 antibody was validated 
here as an optional immunotherapy strategy to inhibit the growth of Hepa1-6 subcutaneous tumors. These findings 
from our study provided valuable information for the understanding of tumor and immune interaction and shed light 
on the rational design for clinical cancer treatment and other preclinical experiments.
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Introduction

The interaction between cancer cell and its 
immune environment plays critical roles in 
tumor outgrowth and in the control of tumor 
progression. The dynamic changes in cancer 
cells and the host immune system during tu- 
mor rejection to tumor outgrowth, particularly, 
to the escape from immune-mediated destruc-
tion represent bona fide cancer hallmarks [1-3]. 
Several animal models have been created to 
examine the complexity of the tumor and its 
microenvironment. They include syngeneic mo- 
use models, chemotoxic agent mouse models, 
genetically engineered mouse models, and 
humanized mouse models [4, 5].

Hepatocellular carcinoma (HCC) is one of the 
most common malignant tumors caused by  
risk factors such as hepatitis virus infection, 
excessive alcohol, diabetes, and obesity [6]. 

The tumor microenvironment (TME) also has a 
major impact on the development of HCC [7]. 
Thus, research using immunodeficient animal 
models limits its application to human HCC [8] 
as the immunodeficient mice are not suitable 
for the screening of immune modulation drugs 
[9]. Although humanized mouse models have 
been used to study the interactions between 
the immune system and human derived tu- 
mors, the establishment of humanized mouse 
models is time-consuming and expensive with 
significant individual variations [10, 11]. The 
subcutaneous allograft tumor model in mouse 
with competent immune system has a stable 
genetic background and less heterogeneity in 
TME. Therefore, murine syngeneic tumor mo- 
del offers an alternative preclinical model for 
drug selection and target validation [12].

While the immune-competent mouse models 
have been used for the preclinical study, the 
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temporal proteomic changes in tumors and in 
the host immune organs after cancer cell allo-
grafting are unknown [13-20]. The immune cell 
composition of the TME is distinct among dif-
ferent syngeneic tumor models with varying in 
the degree of immune infiltration and diversity. 
These tumor models also result in altered sys-
temic immune response in immune organs 
including tumor-draining lymph node, bone 
marrow, blood and spleen [21]. In our current 
study, we used subcutaneous allograft model 
in immunocompetent C57BL/6J mouse with 
mouse liver cancer cell line Hepa1-6 to depict  
a proteomic map. The landscape of proteome 
changes in tumors and five main immune 
organs will help us to better understand the 
molecular mechanisms underlying the tumor 
growth and its interaction with immunity dur- 
ing this process. Based on our results, we find 
that the tumor overcomes innate and adaptive 
immune to achieve the immune escape and 
grows rapidly in the late stage of tumor growth. 
The immune protein emerged in the later stage 
may serve as potential therapeutic targets for 
cancer treatment. 

Materials and methods

Cells and reagents

The HCC cell line Hepa1-6 was obtained from 
Institute of Basic Medical Sciences of the Ch- 
inese Academy of Medical Sciences. Hepa1-6 
cells were cultured in high-glucose DMEM 
(Gibco, USA) supplemented with 10% fetal 
bovine serum (Gibco, USA) at 37°C under a 5% 
CO2 atmosphere. Anti-mouse PDL2 Ab (Cata- 
log # BE0112) was purchased from Bio X Cell 
(West Lebanon, NH, USA).

Tumor and immune organs collection in 
Hepa1-6 derived allografting mice

Eight-week-old female C57BL/6J mice were 
purchased from Beijing HFK Bioscience Co., 
LTD (Beijing, China) and were maintained in a 
standard SPF (special pathogen-free) laborato-
ry environment (a specific pathogen-free, tem-
perature-controlled micro-environment with a 
12 h day/night cycle). After one week for the 
mice to adapt to the environment, Hepa1-6 
cells (2×106 cells) were subcutaneously im- 
planted in the left flank of mice in a volume of 
0.1 mL. Three mice were randomly selected at 
0, 3, 7, 10, 14, and 21 days, respectively for 

euthanasia and sample collection. Six organs 
and tissues were used in this study including 
draining lymph nodes (LN), Mesenteric lymph 
node (MLN), Spleen, Thymus, Marrow and tu- 
mor. The collected tissues were washed for 
three times with prechilled phosphate-buffered 
saline (PBS), snap frozen in liquid nitrogen, and 
stored at -80°C for protein extractions. All ani-
mal experiments in this study were carried out 
in compliance with the animal care regulations 
of the National Protein Science Center (Beijing 
Proteome Research Center) Animal Care and 
Use Institutional Committee, and have obtain- 
ed ethical and scientific approval (IACUC- 
20210702-26MT).

PDL2 treatment to Hepa1-6 cancer cell de-
rived allografting mice 

Hepa1-6 cells (2×106 cells) were subcutane-
ously implanted in the left flank of 8-10-week-
old female C57BL/6J mice in a volume of 0.1 
mL. Mice were randomized (n=4/group) when 
average tumor size reached ~100 mm3 and 
intraperitoneally administered a single dose of 
either vehicle or anti-PDL2 Ab (200 μg/dose) 
every three days for 24 days. Tumor volumes 
were calculated as follows: (TV=L*W2/2); L: 
tumor length and W: width.

Extraction and digestion of proteins

Tissues were homogenized in lysis buffer con-
sisting of 1% sodium deoxycholate, 10 mM Tris 
(2-carboxyethyl) phosphine, 40 mM 2-chloro-
acetamide and 100 mM Tris-HCl pH8.8. After 
heating at 95°C for 5 min and sonicating for 5 
min (3 s on and 3 s off, amplitude 25%), the  
tissue lysates were centrifuged at 16,000 g  
for 10 min at 4°C, and the supernatants were 
collected as whole tissue extract (WTE). Their 
protein concentration was determined by Ther- 
mo Nanodrop One (Thermo Fisher, USA). Cell 
lysates of 100 μg protein were digested over-
night with trypsin (Promega, USA) at 37°C, and 
the digestion was stopped by formic acid at  
the final concentration of 1%. Precipitated so- 
dium deoxycholate was removed by centrifuga-
tion at 4°C with 16,000 g for 10 min. The super-
natants were collected, desalted, vacuum-
dried and stored at -80°C until subsequent 
liquid chromatography tandem mass spectrom-
etry liquid chromatography tandem mass spec-
trometry (LC-MS/MS) analysis. 
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LC-MS/MS analysis

MS samples were analyzed on a Orbitrap  
Fusion mass spectrometer (Thermo Fisher 
Scientific, Rockford, IL, USA) (Thermo Fisher 
Scientific) coupled online to an Easy-nLC 1,000 
nanoflow LC system (Thermo Fisher Scientific). 
Vacuum-dried samples were dissolved with 24 
ul phase A (0.1% formic acid water), vortexed 
on the shaker for 15 seconds, and centrifuged 
at 14,000 g for 10 min. 1/8 of the supernatant 
was used for analysis. The sample was sepa-
rated by a 150 μm × 30 cm silica microcolumn 
(homemade; particle size, 1.9 μm; pore size, 
120 Å) with a linear gradient of 6-40% and 95% 
Mobile Phase B (0.1% formic acid in acetoni-
trile) at a flow rate of 600 nl/min for 140 min 
and 10 min, respectively. To acquire mass 
spectra, data-dependent mode was applied by 
carrying out a Full MS scan (AGC target 2 × 105 
ions, maximum injection time 50 ms, 300-
1400 m/z, R=120,000 at 200 m/z) followed  
by a duty cycle of 3 s was performed in Rapid 
mode with high-energy collision dissociation 
(target 5 × 103 ions, max injection time 35 ms, 
isolation window 1.6 m/z, normalized collision 
energy of 35%), detected in the Iontrap (R= 
15,000 at 200 m/z). Dynamic exclusion time 
was set to 25 s. All data were acquired using 
the Xcalibur software (Thermo Fisher Scientific).

Peptide identification and protein quantifica-
tion

MS raw files were processed with the Z-system 
proteomics work-station (http://61.155.143.3: 
9000/). MS raw files were searched against  
the National Center for Biotechnology Infor- 
mation (NCBI) Ref-seq mouse proteome data-
base (updated on 04/07/2013, 27,414 entries) 
in Mascot search engine (version 2.3, Matrix 
Science Inc.). The mass tolerances were 20 
ppm for precursor ions and 50 mmu or 0.5 Da 
for productions. The trypsin proteolytic cleav-
age sites are KR. Up to two missed cleavages 
were allowed. The minimal peptide length was 
seven amino acid long. Cysteine carbamido-
methylation was set as a fixed modification, 
and protein N-acetylation and oxidation of me- 
thionine were considered variable modifica-
tions, and the charges of precursor ions were 
limited to +2, +3, +4 and +5. All identified pep-
tides were quantified in Z-system with peak 
areas derived from their MS1 intensity. Peptide 

false discovery rate (FDR) was adjusted to 1%. 
For protein level, we kept the proteins that had 
at least one unique peptide and two high-confi-
dence peptides (mascot ion score >20). Protein 
quantification was determined by a label-free, 
intensity-based absolute quantification (iBAQ) 
approach according to the area under the curve 
(AUC) of precursor ions which was calculated 
with homemade software [22]. The fraction of 
total (FOT) was calculated by this formula: pro-
tein’s iBAQ/the total iBAQ. The FOT was further 
multiplied by 105 to obtain the relative abun-
dance (iFOT) for easy representation [23]. Miss- 
ing values were substituted with zeros.

Identification of co-expression modules

A total of 111 sample data from the six tissues 
were analyzed using the R package-“WGCNA” 
package of R-Studio version 1.2.5001 soft- 
ware to construct a gene co-expression net-
work [24]. First, the expression correlation 
coefficients of all proteins were calculated. 
After determining the soft threshold (power) 
according to the correlation between proteins, 
a gene clustering tree was constructed. The 
expression module was determined according 
to the gene expression correlation coefficient, 
and the minimum number of genes for each 
expression module was set to 30 (minModule-
Size =30). Next, we calculated the eigengene, 
hierarchically clustered the modules, and mer- 
ged similar modules when the correlation coef-
ficient between the modules was higher than 
0.85. The module eigengene (ME) represents 
the first principal component of the module and 
is used to describe the expression pattern of 
the module in each sample. Finally, we calcu-
lated the correlation between the modules and 
experimental data to identify significant tissue-
specificity modules. The correlation was calcu-
lated and clustered according to the spearman 
correlation coefficient in tumor. We searched 
co-expression modules through diagonal to 
identify a good correlation with a correlation 
coefficient larger than 0.70, including 39 pro-
teins. As the module on the diagonal a seed,  
we performed Spearman correlation again, 
retaining 5 proteins that had high correlations 
with all proteins in seed (R>0.70, P ≤ 0.05). 
Finally, the protein-protein interaction (PPI) was 
performed to identify the known interaction 
network.
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were identified at a 1% peptide false discovery 
rate (FDR) (Table S1). With tumor sample, a 
total of 6,383 GPs were quantified by at least 
one unique peptide (GPs-specific sequence) 
and two strict peptides (mascot ion score ≥ 20), 
or three unique strict peptides (Table S2). To 
further increase the reliability of the data, 
5,500 GPs proteins that were identified in at 
least 2 out the 3 replicates were selected for 
bioinformatics analyses (Figure 1B; Table S3). 
Using the same criteria to the samples of 
immune organs, a total of 4377 (LN), 4455 
(MLN), 4287 (spleen), 4230 (thymus), 3518 
(bone marrow) GPs, respectively, were used for 
bioinformatics analyses (Table S3). A total of 
2879 proteins were detected in all samples. 
The number of proteins that were only detect- 
ed in some samples were shown in Figure 1B, 
with 1017 proteins detected only in the tumor 
sample. 

The high reproducibility of our proteomic data 
was indicated by the high Spearman correla-
tion coefficients between the repeated experi-
ments (R=0.7-0.9; Figure S1A). Hierarchical 
clustering analysis of proteins detected in all 
the samples showed that the tumor sample 
exhibited the most dramatic change in pro-
teomic profiling among all the samples collect-
ed at different time points during tumor growth 
from the inoculated cancer cells (Figure 1C). 
For example, the proteome at day 0 tumor sam-
ple was markedly different from Day 3 tumor 
sample reflecting the biological changes of can-
cer cell from seeding to growth initiation.

Principal Component Analysis (PCA) confirmed 
that while the tumor sample proteomic profile 
was well separated from that of immune 
organs, the immune organs were clustered 
together (Figure S1B). To better visualize the 
relationship among immune tissues, PCA was 
applied on these samples without the tumor 
sample. As shown in Figure 1D, they were gen-
erally close, and thymus showed the most dif-
ference from others while the LN and MLN were 
mostly inseparable (Figure 1D). 

Next, we used Weighted Gene Co-expression 
Network Analysis algorithm (WGCNA) to iden- 
tify protein co-expression modules in the tem-
poral spatial proteomic dataset. 29 distinct 
modules, which correlated mostly with tissue 
specificity, were obtained. MEblue, MEgreen 
and MEmagenta module had the highest cor-

Bioinformatics and statistical analysis

The unsupervised hierarchical clustering analy-
sis (HC), principal component analysis (PCA), 
Spearman correlation and Fuzzy C-Means Clu- 
stering (FCM) analysis with Mfuzz package we- 
re used to identify discernible boundaries in  
different tissues. Statistical analysis was per-
formed by the ANOVA for groups and by analy-
sis of variance for multiple groups. P-value 
lower than 0.05 was considered as significant. 
Metascape (http://metascape.org/) and the 
Gene Ontology (GO) term enrichment were de- 
termined using the Database for Annotation, 
Visualization and Integrated Discovery (DAVID) 
Bioinformatics Resources (https://david.ncif-
crf.gov/) [25]. “Project to human” option in the 
Reactome Pathway Analysis tool was used 
(http://www.reactome.org/), which means all 
non-human identifiers in the sample were 
mapped to their human equivalents. Protein-
protein interaction annotation was from the 
String Database (https://string-db.org/).

Results

Proteomic analysis of tumor and immune 
organs in the Hepa1-6 subcutaneous tumor 
model 

Syngeneic mouse models are more suitable to 
study the anti-tumor immune response in the 
natural immune environment. A previous study 
showed that tumor-bearing burden in mice had 
a negative impact on the host immune system, 
and this effect was clearly seen at day 14 after 
cancer cell inoculation [21]. To understand in 
detail the changes in host immune system dur-
ing the growth of tumor from implanted cancer 
cells, we performed liquid chromatography tan-
dem mass spectrometry (LC-MS/MS) with sam-
ples from subcutaneously injected mice. Spe- 
cifically, Hepa1-6 cells were subcutaneously 
injected in C57BL/6J mice, and the subcutane-
ous tumors and five immune organs were col-
lected at different time point from Day 0, 3, 7, 
10, 14 to Day 21 after inoculation. The immune 
organs we collected were draining lymph node 
(LN), mesenteric lymph node (MLN), spleen, 
thymus, and bone marrow. All samples were 
then subjected to LC-MS/MS for proteomic 
analysis (Figure 1A). A total of 111 samples (21 
tumors and 90 immune organ tissues) were 
measured, and 10,038 gene products (GPs) 

http://www.ajcr.us/files/ajcr0142645suppltab1.xlsx
http://www.ajcr.us/files/ajcr0142645suppltab2.xlsx
http://www.ajcr.us/files/ajcr0142645suppltab3.xlsx
http://www.ajcr.us/files/ajcr0142645suppltab3.xlsx
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Figure 1. The general workflow and proteomic landscape of developing tumor and immune organs from Hepa1-6 
subcutaneous allograft mouse model. A. I. The establishment of HCC mouse model and experiment outline. Sub-
cutaneous allograft was established with Hepa1-6 cells in 2-3 m old female mice (n=18). Six tissue types were 
collected at different days after cancer cell inoculation as indicated in the figures. Icons was made by Freepik from 
www.flaticon.com. II. Extraction and digestion of tissue proteome. III. MS-based identification and quantitative pro-
teomics. IV. Bioinformatics analysis of multiple datasets. B. Multiple data sets with different filtering criteria and 
venn diagram of proteins in six tissues across 6 timepoints. C. Heatmap analysis of temporal proteomic data in six 
tissues by unsupervised clustering and Correlation’s hierarchical clustering. D. PCA analyses of the proteome data 
on the five immune organs’ samples. E. Heatmap of the correlation between the module eigengenes and traits of 
the tissue by WGCNA.

relation coefficients that were statistically sig-
nificant, and they were correlated with tumor 
(R=0.86, P=2e-34), thymus (R=0.86, P=3e-33), 
and marrow (R=0.82, P=1e-27), respectively 
(Figure 1E; Table S4; Figure S2). Additionally, 
draining lymph node and mesenteric lymph 
node showed high correlation in the 4 modules 
(MEbrown, MEmidnightblue, MEtan, MEgrey), 
suggesting that these two tissues were more 
closely related. To reveal the pathways that are 
altered in these samples, the String-Reactome 
enrichment of the six high correlation modules 
in each sample was performed (Figure S3). It 
showed that proteins in the MEmagenta mod-
ule (marrow) were significantly enriched in im- 
mune system, and proteins in the MEgreen 
module (thymus) were related to cell cycle, 

whereas proteins in the MEblue module (tu- 
mor) were enriched in the immune system, 
metabolism and trafficking. The pathways in 
tumor sample exhibited the most diversity, as 
membrane trafficking, immune system and  
various intracellular metabolic processes were 
enriched. The MEbrown module (mesenteric 
lymph node) proteins function mainly in the 
immune system, such as signaling by Rho 
GTPase and the B cell receptor (BCR). The 
MEtan module (draining lymph node) proteins’ 
function was mainly on the metabolism of li- 
pids and fatty acid metabolism. Proteins in  
the MEcyan module (spleen) function in hemo-
stasis and fibrin clot formation, which are  
consistent with the hematopoietic function of 
spleen. 

http://www.ajcr.us/files/ajcr0142645suppltab4.xlsx
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clusters were identified in each organ (Figure 
S4; Table S5), the enriched GO terms of cluster 
2 were different between tumor and immune 
organs, with tumors mostly enriched on the 
immune system process while immune organs 
enriched on the regulation of DNA (Figure S5). 
One example of proteins that were enriched dif-
ferentially between tumor sample and organ 
samples is Banf1 (BAF nuclear assembly factor 
1), which can competitively bind to dsDNA and 
inhibit the binding of cGAS and nuclear DNA 
[26]. Banf1 can be detected in tumor cells on 
day 0, but not in any of the immune organs. On 
the 3rd and 7th day of tumor-bearing, the ex- 
pression of Banf1 in the tumor was decreased, 
but it was gradually increased from the 10th 
day to the 21st day in all tissues (Figure 2C). 
The upregulated Banf1 at the later stage might 
assist the cancer cells to be more resistant and 
manage to escape the immune surveillance in 
the Hepa1-6 allograft mouse model.

Upregulated protein expression during Hepa1-
6 HCC cancer cell derived tumor growth of in 
immune-competent mice

During tumor growth, cancer cells have to 
escape from the host immune surveillance by 
crippling the functionality of immune system. 
Hence, it is conceivable that proteins support-
ing the outgrowth of tumor will be upregulated 
[3, 27]. Those protein would be potential tar-
gets for cancer therapy. Identifying these pro-
teins will be clinically significant. Hence, we  
carried out analyse on the proteins whose 
expression was upregulated during tumor gr- 
owth. While the expression of proteins in tu- 
mor clusters 3 and 4 were upregulated, the 
increased expression in cluster 3 showed a 
slowdown at the later stage (d21). So we fo- 
cused our analysis on proteins with a continu-
ous increase in their expression in the cluster 
4. 

We selected 9 representative proteins in clus-
ter 4 for further study. The expression of these 
proteins was continually increasing during tu- 
mor growth, and the function of most of these 
proteins is known to be involved in the immune 
surveillance (Figure 3A, 3B). Among these 9 
proteins, NOS2 and Osr1 can promote tumor 
growth and metastasis in HCC [28, 29]. IDO1 
(Indoleamine 2,3-dioxygenase 1) is involved in 
the immune escape of tumors [30, 31]. Indeed, 
IDO1 inhibitors has been used to treat tumors, 

The dynamic proteomic changes during tumor 
growth

To systematically examine the dynamic chang-
es in protein expression during tumor implanta-
tion and growth, we analyzed the temporal 
expression of proteins by using a soft cluster- 
ing method (Fuzzy C-Means Clustering, FCM). In 
general, the proteomic data showed that from 
Day 3 to Day 21 after cancer cell inoculation, 
the proteomic profile in all samples were ch- 
anged gradually, and the dramatic difference 
was seen between the samples from Day 3 and 
Day 21 (Figure S6A). In the tumor sample, we 
identified five clusters of protein expression 
patterns and analyzed their functional enrich-
ment (Figure 2A). Proteins in cluster 1 declined 
sharply on the 3rd day after the cell inocula- 
tion, and the functional enrichment showed a 
decline in RNA-related functions, such as pro-
teins involved in splicesome and RNA transport 
pathway (Figure 2B). Proteins in cluster 2 had  
a significant rise on the 3rd day followed by a 
sharp decrease. Metascape analysis indicated 
that the significantly increased proteins func-
tioned mainly in response to inflammation, in- 
cluding acute-phase response, neutrophil de- 
granulation and were positive regulators for 
cytokine production (Figure 2B). The most sig-
nificantly enriched pathways were the coagula-
tion and complement pathways including all 3 
branches of the complement cascades (Figure 
S6B). Proteins in cluster 3 showed a continu-
ous increase. There appeared to be a phase of 
rapid increase in Days 3-7, and then the rate of 
increase plateaued. Metascape analysis sh- 
owed that lysosome and phagosome compo-
nents and immune processes, including the 
innate immune system, antigen processing and 
presentation of exogenous antigen and lym-
phocyte proliferation were enriched (Figure 
2B). Proteins in cluster 4 showed an increase 
on Day 14 followed by a rapid increase on Day 
21. Proteins regulating the immune response 
to the external stimulus were found as the most 
significantly enriched proteins by Metascape 
analysis (Figure 2B). Expression of the Cluster 
5 proteins showed large fluctuation, with four 
turning points occurring on days 3, 7, 10, and 
14. Function of the proteins in cluster 5 was 
mainly related to protein metabolism and au- 
tophagy (Figure 2B).

We also performed similar analyses to the pro-
teomic data from the immune organs. While 5 

http://www.ajcr.us/files/ajcr0142645suppltab5.xlsx
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Figure 2. Protein expression dynamics during tumor growth. (A) Protein trajectories of the 5 clusters in tumor, Fuzzy C-Means Clustering. (B) The Metascape term 
enrichments for proteins of each cluster in (A). (C) The iFOT of Banf1 in 6 tissues. 
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Figure 3. Upregulated protein expression during Hepa1-6 cell derived tumor growth in immune-competent mice. A. 
Venn diagram of proteins in cluster 4 of the proteins from tumor and immune organs in GO: 002376. B. The iFOT 
of 9 proteins in tumor including Cxcl10, Nos2, Pdcd1lg2, Ido1, Il1rn, Oxsr1, C1qc, Clec4n, Gpsm3. C. Validation of 
anti-tumor efficacy by inhibiting PDL2 in Hepa1-6 mouse model. The tumor growth was inhibited by intraperitoneal 
injection of anti-PDL2 antibody. Error bars are created by mean ± SD of four replicates.

diabetes, depression and other diseases [32]. 
PDL2 was reported to act as a co-receptor for 
PD1. Both PDL1 and PDL2 bind to PD1 to in- 
hibit the immune activation of T cells, and PD1 
binds to PDL2 preferably [33]. In addition, PDL2 
can work with RGMb to promote the functional 
activation of T cells [34]. While PD1/PDL1 in- 
hibitors have been widely used in clinical prac-
tice, the specific function and mechanism of 
action for PDL2 are still unclear. 

PDL2 co-expression modules during tumor 
growth

To examine the effect of PDL2 inhibition on 
tumor growth, mice bearing Hepa1-6 tumors 
were injected with an antibody against PDL2 
intraperitoneally once every three days for 24 
days (Figure 3C). We found that anti-PDL2 anti-
body could indeed inhibit the growth of tumors. 
Which the tumor in control vehicle treated mice 
continued to grow, the tumor growth in PDL2 
treated mice was stopped. The average tumor 
size in mice treated with anti-PDL2 antibody 
was smaller than that of the control group after 
treatment for 24 days.

Having confirmed the tumor suppressive effect 
of anti-PDL2 antibody in mice, we speculated 
that other upregulated proteins or PDL2 co-
expressing proteins might also be important for 
tumor growth, which warrant them as potential 
drug target. To identified these proteins, we 
used two methods to predict PDL2 co-expres-
sion proteins. First, we performed WGCNA to 
identify the temporal co-expression modules in 
the tumor sample, which resulted in 22 mod-
ules. The MEpink module contained 141 pro-
teins including PDL2 (Figure 4A; Table S6; 
Figure S7). Then we selected 23 proteins with a 
similar trend to PDL2 (ratio of day 21 vs. Day 0 
≥ 1.5 or ratio of day 14 vs. Day 0 ≥ 1.5) (Figure 
4A). Second, we used the Spearman correla-
tion coefficient of 0.70 as a cut-off to define a 
positive correlation between protein pairs [35]. 
We found a PDL2-containing module consisting 
of 44 proteins (Figure 4B). From the two meth-
ods, there were 64 proteins in PDL2 co-expres-
sion module in total. We further selected 19 
immune function-related proteins and perfor- 
med String analysis and found that Zap70 was 
a putative PDL2 interacting proteins, consis-
tent with a recent report [36, 37] (Figure 4C, 

http://www.ajcr.us/files/ajcr0142645suppltab6.xlsx
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Figure 4. PDL2 co-expression modules during tumor growth. (A) Heatmap of the 23 proteins in MEpink module of 
WGCNA. ME, module eigengene. (B) Co-expression modules of PDL2. Spearman’s correlation coefficient (R ≥ 0.7, 
t-test, P-value ≤ 0.05). (C) Venn diagram of proteins in two PDL2 modules and immune proteins in GO: 002376. (D) 
String analysis (medium confidence) of the common immune protein in (C). (E) The iFOT of Padi4 in 6 tissues.
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4D). Additionally, by comparing the changes of 
these proteins in other immune tissues, we 
found that Padi4 (The peptidyl arginine dei- 
minase 4) has similar changes in tumors and 
bone marrow (Figure 4E). 

Discussion

Immunotherapy is emerging as a new strategy 
for cancer treatment. Preclinical testing for 
these immunotherapeutic drugs requires the 
xenografting tumor models in immune-compe-
tent mice. In our study, we used syngeneic 
mouse model by subcutaneously inoculating 
mouse liver cancer cell line Hepa1-6 in 
C57BL/6J mice and successfully established 
allograft tumor for our further study about the 
effect of tumor-bearing burden on global pro-
tein expression during tumor growth in host 
mice. In order to examine the systemic respon- 
se upon cancer cell inoculation, in particular in 
the components of TME [13], we collected 
tumor and immune tissues starting from Day 0 
to Day 21 after injection in an immune-compe-
tent mouse model. 

We classified proteins in each tissue into differ-
ent protein clusters, and analyzed the function-
al enrichment of differentially expressed pro-
teins in each cluster. The function of proteins in 
the 1st cluster of tumor revealed that tumor 
metabolism declined might due to the fact that 
tumor state changed from a proliferation-ori-
ented to an adaptive state. Protein profile in the 
2nd cluster suggested that in the early stage  
of tumor-bearing (Day 3 after injection), host 
immune system reacted to the cancer cell 
injection by increased inflammation and initial 
immune response. Unlike the cytokine storm 
on the 2nd cluster, proteins in the 3rd cluster 
are more involved in the process of phagocyto-
sis and antigen presentation by various lym-
phocytes, suggesting that immunity played an 
important and persistent role in the process of 
tumor-bearing. In the later stage of the tumor 
growth (Day 21 after injection), proteins that 
were upregulated were likely to assist tumor 
growth. Some of these proteins may restrict 
antitumor immunity [7]. Hence, our detailed an- 
alysis on the proteomic changes during tumor 
growth provide the important information for 
our understanding of the tumor biology. 

Our proteomic profiling has identified several 
molecules whose expression is upregulated in 

later stage of tumor growth. One of them is 
NOS2. In many tumors, elevated NOS2 has 
been reported as a biomarker for poor progno-
sis [28]. In HCC, NOS2 is shown to promote 
tumor development and metastasis [38]. It is 
reasonable to consider targeting NOS2 for HCC 
treatment. However, NOS2 substrate L-arginine 
has also been reported to enhance the effect 
of cancer radiotherapy and thereby alleviate 
the progression of advanced tumor brain me- 
tastasis [39]. Hence, caution needs to be taken 
when considering NOS2 as a therapeutic tar-
get. Another upregulated protein we identified 
is IDO1. IDO1 can catalyze tryptophan metabo-
lism and is a new immune checkpoint protein. 
The metabolites produced from tryptophan 
consumed by tumor can induce local immunity 
[40, 41]. IDO1 mainly exerts its immunosup-
pressive function through three mechanisms: 
GCN2, m-TOR and AhR [31]. In addition, kynuric 
acid produced by IDO1 can increase the ex- 
pression of IL-6 in tissues, thereby increasing 
the expression of VEGF, and promoting tumor 
angiogenesis [42]. The upregulated IDO1 in our 
results might presents as an attractive cancer 
treatment target for the tumor growth of allo- 
graft mouse model.

The most interesting molecule we identified in 
our study is PDCD1LG2 (PDL2 in humans). We 
found that the expression of PDL2 increased 
dramatically at Day 14 and Day 21 after injec-
tion while its expression was not detectable at 
day 0. As a receptor for PD1, the affinity of 
PDL2 is twice higher than that of PDL1 [33], 
and PDL2 has a much stronger correlation wi- 
th decreased antitumor immune responses in 
TME according to the Cancer Genome Atlas 
(TCGA) datasets [43]. At present, the crystal 
structure of PDL2 is not clear, and the binding 
mechanism of PD1/PDL2 has not been stud-
ied. The inhibitory signal pathway generated  
by the PDL1/2-PD1 pathway can downregulate 
T cell response and promote T cell tolerance. 
PDL1/2 synergistically inhibit CD4+ T cell secre-
tion of IFNγ [44]. In addition, cancer-associated 
fibroblasts (CAFs), enriched in the TME, can 
dysfunction or kill CD8+ T cells in an antigen-
dependent manner via PDL2 and FASL [45]. In 
our study, blocking PDL2 with intraperitoneal 
injection of anti-PDL2 antibody could inhibit  
the tumor growth in our Hepa1-6 subcutaneous 
allografting tumor model. Thus, inhibiting PDL2 
might be a promising approach to reshape TME 
and promote antitumor immunity. 
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PADI4 is one of the PDL2 co-expression pro-
teins we observed in our study. PADI4 post-
translationally converts peptidylarginine to 
citrulline, and it is overexpressed in diverse 
malignant tumors, including liver cancer, breast 
cancer [46], lung cancer [47], gastric cancer 
[48], osteosarcoma [49], etc. Our data obtained 
from Hepa1-6 mouse model also showed that 
the expression of PADI4 increased in the later 
stage of the tumor growth, which suggested 
that the PADI4 may promote tumor growth. 
Since PADI4 is expressed at very low level in 
normal tissues and in benign tumors, and the 
expression of PADI4 is tissue-specific, mainly 
limited to immune cells, PADI4 may serve as a 
potential tumor treatment target. 

Our study also generated proteomic profile in 
major immune organs during the Hepa1-6 HCC 
tumor growth in immunocompetent mice. This 
database could serve as a resource to other 
researchers for data mining and reference. 
However, further study with other HCC cancer 
cell line or other cancer types will be needed 
not only to further verify the relationship bet- 
ween tumor and immunity but also to reveal our 
data are unique or hold true for other cancer 
types. In addition, although subcutaneously 
mouse model in our study is easier to track 
tumor growth, the orthotopic allograft model in 
immunocompetent mouse will be important in 
mimicking the local immune response trigger- 
ed by injection-induced inflammation and re- 
flecting the physiological complexity of tumor 
microenvironment. 
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Figure S1. The distinctive boundaries of tumor and 5 immune organs. A. Correlation analysis of all tissues across 6 timepoints. B. The PCA of all tissues across 6 
timepoints.
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Figure S2. Determination of soft-threshold power and identification of modules in the WGCNA. A. Analysis of the scale-free index for various soft-threshold powers 
(β). B. Analysis of the mean connectivity for various soft-threshold powers. C. Clustering dendrogram of 111 samples. D. Dendrogram of all differentially expressed 
proteins clustered by the measurement of dissimilarity (1-TOM). The color band shows the results obtained from the automatic single-block analysis. TOM, topologi-
cal overlap matrix.
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Figure S3. The top 5 enriched MMU-Reactome pathway and scatterplot of gene significance (y-axis) vs. module membership (x-axis) in high correlation of WGCNA 
module.
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Figure S4. Proteins expression dynamics in all organs examined. For each of the 6 organs (rows), the average trajectory of proteins were grouped into five clusters 
according to the similar trajectory (expression).

Figure S5. The GO term enrichments of similar trajectory across tissues. A. The top 10 GO terms for the 1st cluster in (Figure S4). B. The top 10 GO terms for the 
2st cluster in (Figure S4). 
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Figure S6. The PCA of tumor and iFOT of proteins in the complement cascade pathway. 
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Figure S7. Determination of soft-threshold power and identification of modules in the WGCNA of tumor. A. Analysis of the scale-free index and mean connectivity for 
various soft-threshold powers. B. Clustering dendrogram of 21 samples. C. Heatmap of the correlation between the module eigengenes and traits of timepoint by 
WGCNA in tumor sample. D. Dendrogram of all differentially expressed genes clustered based on the measurement of dissimilarity (1-TOM).


