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Background: Epithelial-mesenchymal transition (EMT) is a critical process in
tumor invasion and metastasis. EMT has been shown to significantly influence
the invasion, metastasis, and poor prognosis in lung adenocarcinoma (LUAD).
This study aimed to develop a novel EMT-related prognostic model capable of
predicting overall survival (OS) in patients with LUAD.

Methods: A total of 283 LUAD patients from TCGA RNA-seq dataset were
assigned to a training cohort for model building, and 310 LUAD patients from
GEO RNA-seq dataset were assigned to a validation cohort. EMT genes were
acquired from MsigDB database and then prognosis-related EMT genes were
identified by univariate Cox regression. Lasso regression was then performed to
determine the genes and the corresponding variables to construct a prognosis
risk model from the training cohort. Furthermore, characteristics of the tumor
microenvironment (TME), mutation status and chemotherapy responses were
analyzed to assess the differences between the two risk groups based on the
prognostic model. In addition, RT-gPCR was employed to validate the
expression patterns of the 6 genes derived from the risk model.

Results: A six-gene EMT signature (PMEPAl1, LOXL2, PLOD2, MMP14,
SPOCK1 and DCN) was successfully constructed and validated. The
signature assigned the LUAD patients into high-risk and low-risk groups. In
comparison with the low-risk group, patients in the high-risk group had a
significantly lower survival rate. ROC curves and calibration curves for the risk
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model demonstrated reliable stratification and predictive ability. The risk model
was robustly correlated with multiple TME characteristics. Besides, the data
showed that patients in the low-risk group had more immune activities, higher
stemness scores and cytolytic activity scores and higher TMB. In addition, RT-
gPCR results revealed that PMEPAL, LOXL2, PLOD2, MMP14, and SPOCK1 were
notably upregulated in LUAD tissues, while DCN was downregulated.

Conclusion: Our study successfully developed a novel EMT-related signature to
predict prognosis of LUAD patients and guide treatment strategies. The six
genes derived from the prediction signature might play a potential role in

antitumor immunity and serve as promising therapeutic targets in LUAD.

KEYWORDS

epithelial-mesenchymal transition, lung adenocarcinoma, prognosis, tumor immune
microenvironment, immunotherapy, chemotherapy

Introduction

Lung cancer is the leading cause of death from cancer
worldwide, which contributed to approximately 1,800,000 deaths
in 2020 (Sung et al,, 2021). The majority of the lung cancers are lung
adenocarcinoma (LUAD), which are highly invasive, with a rapid
metastatic spread, highlighting the systemic threat of the disease
(Devarakonda et al., 2015).

In the past two decades, there have been important advances
in characterization of mutational spectrum and molecular
subtypes of LUAD, which have led to development of targeted
therapies resulting in dramatically improved patient outcomes
(Rotow and Bivona, 2017). However, clinical application in
targeting RAS signaling or rescuing the tumor suppressor
TP53 gene, which have been recommended as LUAD
therapies, remains challenging (Kim et al, 2021). Besides,
treatment regimens that target epidermal growth factor
receptor (EGFR) and anaplastic lymphoma kinase have only
benefitted a small percentage of LUAD patients (Wang Q. et al.,
2020). Hence, there is an urgent need for identification of
prognostic biomarkers as well as effective drug targets.

Spread of cancer cells due to metastasis is the leading cause of
death in patients with primary lung cancer (Prateep et al,, 2018).
Epithelial-mesenchymal  transition (EMT) is an important
mechanism driving the tumor metastasis process, where epithelial
cells lose their morphology and subsequently change to mesenchymal
phenotypes, thereby acquiring features of mesenchymal cells such as
motility and invasiveness (Iwatsuki et al., 2010). Loss of E-cadherin is
a hallmark of EMT, which leads to decreased intercellular adhesion
and enhanced cell motility (Thiery et al,, 2009). Previous data have
suggested that EMT is associated with neoplastic aggressiveness and
progression in various malignancies including LUAD.

Tumor microenvironment (TME) is comprised of stromal and
immune cells that secrete a variety of cytokines, chemokines and
growth factors, which have been shown to induce EMT in nearby
cancer cells through direct activation of various EMT-induced
transcription factors (EMT-TFs) or inhibition of expression of
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effector molecules that promote mesenchymal cell state (Gupta and
Massagué, 2006; Grivennikov et al., 2010). Besides, EMT has also
been reported to play a vital role in tumor malignancy, immune
regulation and initiation of therapeutic responses by inducing cell
phenotypic plasticity, inflammatory, and immunosuppressive
TME, leading to resistance to immunotherapy and
chemotherapy (Terry et al,, 2017). In addition, EMT status was
associated with the activation of varied immune checkpoint
molecules (Datar and Schalper, 2016). Therefore, it is important
to understand the underlying mechanisms mediating the
interaction between EMT and TME. The development of an
EMT-related signature may contribute to the provision of
potential biomarkers for LUAD and help enhance the
understanding of the immunogenomic profile of LUAD.

In this study, we developed an EMT-related signature (ERGS)
related to prognosis based on The Cancer Genome Atlas (TCGA)
database which was validated by the Gene Expression Omnibus
(GEO) database. The results demonstrated that LUAD patients
with high-risk scores were strongly associated with shorter overall
survival (OS) compared with patients in the high low-risk score
group. We then explored the difference in immune infiltration and
mutation landscape between the two risk groups and analyzed
patients’ response to the immune checkpoint inhibitor (ICI)
therapy and chemotherapy. Together, the high-risk group was
more likely to experience immunosuppression, thus less likely to
benefit from either of the treatment options, which is consistent
with the EMT features. In a nutshell, our study highlights a
functional role of the ERGs and uncovers a potential prognostic
biomarker for individualized treatment of LUAD.

Methods
Collection of the clinical samples

A total of 10 pairs of LUAD tissues and adjacent non-tumor
tissues were collected from patients who received surgical

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1008416

Li et al.

resection at Shanxi Cancer Hospital (Shanxi, China) from
January to September 2021. The patients were not subjected
to any anti-cancer treatment before surgery. Tissue specimens
were frozen in liquid nitrogen within 30 min of resection and
stored at -80°C for analysis. Our study was approved by the ethics
committee of Shanxi Cancer Hospital (sxszI-F-375), and was
conducted in accordance with the principles of Declaration of
Helsinki.

Dataset acquisition and processing

The RNA-sequencing data and corresponding clinical
information of 341 samples in the TCGA-LUAD cohort were
obtained from the UCSC Cancer Genomics Browser database
(https://genome-cancer.ucsc.edu/) and used as the training
cohort, which included 283 tumor samples and 58 tumor-
adjacent tissue samples. Another 310 LUAD samples in the
GSE72094 from the GEO database (https://www.ncbinlm.nih.
gov/geo/) were used as an external validation cohort. Gene
expression profiles were all quantified with fragments per
kilobase of transcript per million mapped reads (FPKM) and
normalized using log2-based transformations. Because the data
from TCGA and GEO datasets are publicly available, there was
no requirement for institutional review board approval and
informed consent from the patients. EMT-related genes
(ERGs) from the gene set “HALLMARK_EPITHELIAL_
MESENCHYMAL_TRANSITION” were downloaded from
GSEA (https://www.gsea-msigdb.org/gsea/index.jsp) as shown
in Supplementary Table S1.

Identification of differentially expressed
ERGs

The “limma” package in R software was used to identify
differentially expressed genes (DEGs) between LUAD and
tumor-adjacent tissue samples, where |log2FC| > 0.32 and
FDR < 0.05 were set as filters. The Venn diagram was
generated using the “Venn Diagram” R package to identify
DEGs related to the EMT process. The DE-ERGs were
visualized as volcano plots and heat maps by “pheatmap” and
“ggplot2” R packages, respectively.

Construction and establishment of the
ERG prognostic signature

Univariate Cox regression analysis was employed to
determine the DE-ERGs associated with OS of the patients.
The DE-ERGs most related to OS with a p < 0.05 were
further picked out for least absolute shrinkage and selector
operator (LASSO) Cox regression. The analysis narrowed
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down the candidate DE-ERGs which were used to construct a
prognostic model. To find optimal penalization terms, a penalty
regularization parameter () was determined by ten-fold cross
validation following the minimum criteria (i.e., the value of A
corresponding to the lowest partial likelihood deviance). The risk
score of each patient was calculated based on the normalized
expression level of each gene in the prognostic signature and its
relevant regression coefficients. The formula of the model was:
Risk score = ) (expression of signature genes x corresponding
coefficient). Based on the median of the risk score, LUAD
patients were assigned into high- or low-risk groups.

Evaluation and validation of the ERG
prognostic signature

To determine the potential value of the ERG prognostic
signature in predicting the prognosis in LUAD patients,
Kaplan-Meier survival curves were utilized to assess the
prognostic value in the high- and low-risk groups using the
“survminer” R package. The predictive ability of the ERG
prognostic signature was assessed using the AUC values of the
time-dependent receiver operating characteristic (ROC) curves
generated by the “pROC” package. To explore the distribution of
different risk groups, we performed t-SNE for cluster
visualization using the “Rtsne” R package. In addition,
univariate and multivariate Cox analyses were conducted to
determine whether the risk score was independent from other
clinicopathological characteristics (age, gender, T stage, N status
and smoking status). Thereafter, the ERG prognostic signature
was validated in an independent cohort obtained from the GEO
database.

Construction of the nomogram

Based on all independent prognostic factors determined by
the multivariate analysis, we established a nomogram to predict
1-, 3-, and 5-years OS of LUAD patients using the “rms” R
package. The concordance index (C-index) was calculated to
appraise the discriminative ability of the nomogram while the
calibration curve was performed to evaluate the accuracy of the
nomogram.

Mutation analysis

The “TCGAbiolinks” R package was used to download the
somatic mutation profiles based on the segment mean value log2
(copy-number/2) of LUAD patients from the TCGA cohort,
while the “maftools” package was employed for analysis and
visualization of the data. We then used Oncoplot to display the
top 20 genes with high mutation frequency in LUAD patient
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samples in high- and low-risk groups. Besides, the tumor
mutation burden (TMB) was calculated as the total number of
somatic, coding, indel mutations and base substitution for each
mega-base of the genome under analysis. The correlation
between TMB levels and risk score was analyzed using the
Spearman’s correlation. In addition, we assessed the effect of
the risk score combined with the TMB on the survival of LUAD
patients.

Analysis of tumor immune
microenvironment

To identify the immune infiltration characteristics in LUAD,
the 22 immune cells from each LUAD sample from the TCGA
cohort was quantified based on standardized gene expression
profile using the CIBERSORT algorithm. The “ESTIMATE” R
package was employed to compute the stromal score, immune
score, and estimate score. As a measure of inflammation, the
cytolytic activity (CYT) score was computed as the geometric
mean of the RPKM expression of granzyme A (GZMA) and
perforin-1 (PRF1) mRNA expression levels in the tumor tissues
(Wakiyama et al., 2018). We also computed mRNA stemness
index (mRNAsi) using the “TCGAbiolinks” R package based on
the mRNA levels obtained from one-class logistic regression
machine learning (OCLR) algorithm (Guo et al., 2021), where
a higher mRNAsi represents a greater tumor dedifferentiation
and higher cancer stem cell levels.

Assessment of immunotherapy response

Tumor Immune Dysfunction and Exclusion (TIDE)
algorithm was employed to evaluate the likelihood of each
sample to respond to immunotherapy. TIDE algorithm is a
computational method used to model two primary
mechanisms of tumor immune evasion: the induction of
T cell dysfunction in tumors with high infiltration of cytotoxic
T lymphocytes (CTL) and prevention of T cell infiltration in
tumors with low CTL level. Immune checkpoint expression has a
significant impact on the immunotherapy treatment responses.
To further investigate the influence of the ERG scores on
immunotherapy, the differential expression of immune
checkpoint-related genes between the two ERG subgroups
were analyzed.

Estimation of chemotherapy response

We also predicted the chemotherapy response of each LUAD
patient based on information obtained from the Genomics of
Drug Sensitivity in Cancer (GDSC) database. Four common
chemotherapeutic agents (cisplatin, paclitaxel, gemcitabine,
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TABLE 1 Primers used in RT-qPCR.

Gene Primer sequences (5'-3")

PMEPA1 FORWARD CGTAGGTGAAAAGGCAGAACA

REVERSE GACACAGCTCAACAAAGAAACGT

LOXL2 FORWARD ACAGAATGTGAAGGAGACATCC
REVERSE TGATGTTGTTGGAGTAATCGGA
PLOD2 FORWARD GGATGCAGATGTTGTTTTGACA

REVERSE GCTTTCCATGACGAGTTACAAG

MMP14 FORWARD CAAGATTGATGCTGCTCTCTTC
REVERSE ACTTTGATGTTCTTGGGGTACT
SPOCK1 FORWARD CAGAAACTGGAATCCCAACAAG

REVERSE TTGCACTTGACCAAATTCGAAG
DCN FORWARD GACAACAACAAGCTTACCAGAG
REVERSE TGAAAAGACTCACACCCGAATA
FORWARD TGACTTCAACAGCGACACCCA
REVERSE CACCCTGTTGCTGTAGCCAAA

GAPDH

and docetaxel) and two small molecule inhibitors targeting
EGFR (erlotinib and gefitinib) were selected and used at
default parameters, which are approved in the treatment of
LUAD cases. The prediction procedure was conducted using
the “pRRophetic” R package where sensitivity to the drug was
quantified by half-maximal inhibitory concentration (IC50)
predicted through ridge regression. A low IC50 indicates that
the patients are more sensitive to the drug.

Gene set enrichment analysis

For further exploration of differences in biological pathways
between high-risk and low-risk groups, GSEA was performed to
assess Gene Ontology (GO) and the Kyoto Encyclopedia of
Genes and Genomes (KEGG) using “clusterProfiler” R package.

Reverse transcription-quantitative PCR

RT-qPCR was employed to quantify the expression of genes
in ERGS in clinical specimens. We extracted total RNA from
the LUAD and adjacent non-tumor tissues using the TRIzol
reagent (Invitrogen, CA, United States). We synthesized cDNA
from the total mRNA using PrimeScriptTM RT Master Mix
(RR0O36B, Takara). Quantitative PCR was performed to analyze
the mRNA expression levels of the ERGs genes using GoTaq®
qPCR Master Mix (Promega, A6001). The RT-qPCR was
performed in ABI Vii7 Sequence detection system (ABI,
United States). We then compared the mRNA expression
levels of PMEPA1, LOXL2, PLOD2, MMP14, SPOCK1, and
DCN using the 2-AACT method. The primer sequences are
shown in Table I.
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The flow chart of our study.

Immunohistochemical analysis

To further validate the expression f the signature genes, we
analyzed immunohistochemistry (IHC) staining data of ERG
proteins in lung cancer and normal lung tissues from the Human
Protein Atlas (HPA) online database (https://www.proteinatlas.
org/).

Statistical analysis

All statistical analyses and visualization were performed using
R version 4.1.3. Differences between two groups were compared via
the Wilcoxon rank-sum test or Kruskal-Wallis test in cases where
the data did not follow normal distribution and the variance was
unknown. The survival difference was evaluated using log-rank
tests. In addition, correlation analyses between two continuous
variables were evaluated by Spearman rank correlation test while
K-nearest neighbor (k-NN) imputation was performed to impute
the missing AUC values. A P value of less than 0.05 (two-sided) was
considered statistically significant.
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Results
Patient characteristics

The flow chart of our study is shown in Figure 1. A total of
341 LUAD patients from the TCGA cohort were defined as a
training set, while 310 patients from the GSE72094 cohort
were used for external validation. The detailed clinical
information of these patients is as summarized in

Supplementary Table S2.

Identification of differentially expressed
ERGs

Through the differential gene screening analysis, we
retrieved 149  differentially which
included 83 downregulated and 66 upregulated genes as
shown in Figure 2A. The expression of the ERGs in LUAD
samples and normal samples was displayed in a heat map
(Figure 2B).

expressed ERGs,
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Analysis of differentially expressed ERGs. (A) Volcano plot showing the downregulated and upregulated ERGs. (B) Heatmap of the differentially

expressed ERGs in LUAD.

Construction and assessment of ERGs

To establish a prognostic model, Cox regression and LASSO
regression were performed in the training set. First, we employed
univariate Cox proportional hazard regression to identify
prognosis-related genes from 149 DE-ERGs. Using a p
<0.05, identified
(Figure 3A) (Supplementary Table S3). The 6 prognosis-related

value 6 prognosis-related genes were
genes were further included in LASSO Cox regression based on the
optimal value of X to eliminate overfit genes and narrow down the
range of model genes (Figures 3B,C) (Supplementary Table S4).
After the LASSO regression analysis, 6 ERGs were used to
construct the prognostic model consisting of PMEPA1, LOXL2,
PLOD2, MMPI14, SPOCK1 and DCN genes (Figure 3D).
According to the coefficients and standardized expression of the
six genes, the risk score of each LUAD patient from the TCGA
dataset was calculated as follows: Risk Score = (—0.282*DCN) +
(0.105LOXL2) + (0.041*MMP14) + (0.071*PLOD2) +
(0.149*PMEPA1) + (0.03*SPOCK1) (Supplementary Table S5).
Taking the median risk score of 0.104 as cut-off, the patients were
divided into high- (N = 142) and low-risk groups (N = 141). The
t-SNE analysis revealed that the patients in different risk groups
were distributed in two directions (Figure 4A). We defined the risk
scores rank distribution, survival status and expression patterns of
the 6 ERGs in LUAD patients (Figure 4B). Besides, the Kaplan-
Meier survival analysis demonstrated that patients in the high-risk
group had significantly poorer OS compared to those in the low-
risk group (p < 0.001) (Figure 4C). In addition, as depicted in
Figure 4D, the AUC value of the ROC curves for 1-year, 3-year, and
5-year OS was 0.685, 0.705 and 0.620, respectively, in the TCGA
cohort.
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Validation of the prognostic signature

Using the same formula and the cut-off value described
above, patients in the GSE72094 cohort (N = 310) were
stratified into the high-risk group (N = 118) and low-risk
group (N = 192). Likewise, t-SNE analysis the
GSE72094 cohort confirmed that the patients in different risk
groups were distributed into two directions (Figure 5A). The risk

in

scores rank distribution, survival status and expression patterns
of the 6 ERGs in the LUAD patients were shown in Figure 5B. In
line with the results from the TCGA dataset, patients in the high-
risk group showed significantly worse OS as opposed to those in
the low-risk group (p = 0.00048; Figure 5C). ROC analysis
demonstrated that the ERGs exhibited precise predictive
capacity. AUCs at 1-, 3- and 5-year OS was 0.621, 0.670, and
0.878, respectively (Figure 5D). Together, these results indicated
that the established prognostic model was capable of universal
application.

Construction and evaluation of the
nomogram

To further evaluate the effect of the ERGs in predicting
prognosis, we employed univariate and multivariate Cox
regression analyses. Results from the univariate Cox regression
analysis showed that T, N, stage and risk score were all
significantly associated with OS, while the multivariate Cox
regression analysis indicated that N stage and risk score were
correlated with OS in patients with LUAD (HR:1.681, 95% CI
(1.226-2.307), p < 0.001; HR: 1.302, 95% CI (0.936-1.811), p <
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0.001) (Figure 6A). Moreover, the regression analyses in the
GSE72094 indicated that the pathological stage and risk score
were independent prognostic factors for OS (Figure 6B). These
data demonstrated that the signature was an independent risk
factor for survival in patients with LUAD.

We then developed a nomogram premised on the results from
the multivariate Cox regression including the N stage and risk score,
to predict 1-year, 3-year and 5-year OS, which contributed to
defining higher risk scores (range 0-100 points) for the worse OS
(Figure 6C). Each variable was allocated a score on the point scale.
After summing up the points, the estimation of the survival likelihood
was achieved by drawing a vertical line between the total points axis
and the survival probability axes. Consistent with our previous
findings, the nomogram illustrated the risk score as the prevailing
contribution to prognosis compared with conventional clinical
characteristics. In addition, the C-index was 0.715,896 and the
calibration curves demonstrated that the predicted survival
probability were highly consistent with the actual one (Keynesian
cross) for 1-, 3-, and 5-year OS, which showed that this nomogram
had great prediction performance (Figure 6D).
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Gene set enrichment analyses

To evaluate the potential mechanisms of the ERGs in the high
and low risk groups, we performed GSEA to identify GO terms
and KEGG pathways in the TCGA cohort (p < 0.05). The GO
analysis showed that the most concentrated biological processes
in the high-risk group included cell aggregation, detection of
chemical stimulus involved in sensory perception of bitter,
detection of chemical stimulus involved in sensory perception
of taste, immature T cell proliferation, and tertiary alcohol
metabolic process (Figure 7A), while the most enriched
biological processes in the low-risk group were cytoplasmic
translation, formation of cytoplasmic translation initiation
of
ribosomal small subunit assembly and SRP-dependent co-

complex, negative regulation chromatin silencing,
translational protein targeting to membrane (Figure 7B). On
the other hand, the KEGG analysis showed that the genes in the
high-risk group were mainly enriched in pathways such as
chemical carcinogenesis-DNA adducts, drug metabolism-

cytochrome P450, glutathione metabolism, metabolism of
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of the ERGs on OS at 1 year, 3 years, and 5 years.

xenobiotics by cytochrome P450 as well as protein digestion and
absorption (Figure 7C). The genes in the low-risk group were
mainly enriched in aminoacyl-tRNA biosynthesis, citrate cycle
(TCA cycle), proximal tubule bicarbonate reclamation, ribosome
biogenesis in eukaryotes and RNA degradation (Figure 7D).
Moreover, most of the GO terms and KEGG pathways
enriched in our analysis were closely associated with the
occurrence and development of LUAD, which indicated that
the ERGs may play a key role in cancer development and revealed
potential pathways that could serve as therapeutic targets
in LUAD.

Analysis of the mutational landscape
based on ERGS

In further characterize the high- and low-risk groups at
the genomic level, the mutation status of both groups was
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analyzed. Results showed that missense mutations were the
most prevalent of all mutation types followed by nonsense and
frameshift deletions in both groups. The main variant was
single nucleotide polymorphism (SNP), in which the single-
nucleotide variant (SNV) with T>G was the most frequent
(Figure 8A,B). The top 20 most common mutated genes in the
high- and low-risk groups ranked based on percentages are
shown in Figures 8C,D. In the low-risk group, 86.93% of the
samples carried mutations. The top 10 mutated genes were
TTN, CSMD3, MUCI16, LRP18, RYR2, USH2A, TP53, FLG,
ZFHX4, and ZNF536. The mutation frequency was higher in
the high-risk group (94.74%) compared with the low-risk
group. The top 10 factors linked to mutations were TTN,
MUCI16, RYR2, CSMD3, TP53, USH2A, ZFHX4, LRP1B,
KRAS, and FLG. Subsequently, the relationship between the
TMB and the risk score was examined. It was found that the
risk score was positively correlated with TMB (R = 0.14, p <
0.05, Figure 8E), suggesting that the risk score could be an
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ERGs on OS at 1 year, 3 years, and 5 years.

accurate indicator of the characteristics and performance of
TMB in tumors. Further analysis revealed that the TMB status
did not affect the survival outcome predicted using the risk
score. The KM curve showed that the survival outcome was
different between the subgroups (high-risk and high TMB vs.
high-risk and low TMB, low-risk and high TMB vs. low-risk
and low TMB, p = 0.018; Figure 8F). The low-risk and low
TMB subgroup showed the highest overall survival rate,
whereas the high TMB and high-risk group had the lowest
survival rate.

Evaluation of immune infiltration status

The CIBERSORT tool was utilized to calculate the
infiltration degree of 22 immune cells (Figure 9A). Results
showed that the resting memory CD4 T cells, gamma delta
T cells, monocytes, resting mast cells, and resting dendritic cells
were higher in low-risk group compared with the high-risk
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group. On the contrary, the high-risk group had high
proportions of activated memory CD4 T cells, resting NK
cells, MO macrophages, activated mast cells and neutrophils
compared with the low-risk group. Subsequently, we explored
the relationship between immune cells and the risk score. It was
found that the risk score was positively associated with the level
of activated memory CD4 T cells, MO macrophages, activated
dendritic cells, activated mast cells, and resting NK cells (p <
0.05, Supplementary Figure SIA-E), however, it was negatively
correlated with the level of T cells CD4 memory resting,
macrophages M2, eosinophils, mast cells resting, and
dendritic cells resting (p < 0.05, Supplementary Figure
S1F-J). Having identified the effects of ERGs on the
regulation of TME remodeling, we further investigated
whether ERGs expression levels were correlated with the
abundance of immune cells. It was identified that these six
prognostic genes were differentially correlated with immune
cell infiltration (Supplementary Figure S2). Furthermore, the

estimate score, immune core, and stromal score were higher in
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Independent prognostic analysis of the prognostic model. (A) Independent prognostic factors in the training set. (B) Independent prognostic
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year survival rate is predicted according to the total score. (D) The correction curve based on the prediction model.

the low-risk group compared with the high-risk group (p <
0.001, Figures 9B-D), suggesting that the infiltration levels of
immune and stromal cells were higher in the low-risk group. In
comparison, the high-risk group had low CYT score (p < 0.05)
and high mRNAsi score (p < 0.001, Figures 9E,F). This
demonstrated that patients in the high-risk group had lower
antitumor immunity and higher neoplastic stemness.
Consequently, tumor cells in these patients had stronger
self-renewal, differentiation, and proliferation ability, which

may explain their worse OS(Wang et al., 2021b).

Assessment of chemotherapy efficacy

In subsequent analyses, we further explored the association
between the ERGS and efficacy of chemotherapy in LUAD.
Results showed that patients in the low-risk group had
significantly lower IC50 values and were more sensitive to
(p < 0.0001), (p < 0.0001),
gemcitabine (p < 0.05) compared with those in the low-risk

paclitaxel docetaxel and
group, which suggested that the constructed model could
effectively predict efficacy and sensitivity to chemotherapy

(Figure 10E).
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Validation of gene expression

To validate the expression profile of ERGs in LUAD
patients, clinical specimens were collected from LUAD
patients, together with adjacent normal tissue. These
specimens were analyzed using RT-qPCR. It was found that
LOXL2, PLOD2, MMP14 and SPOCK1 were upregulated in
tumor samples, whereas DCN was downregulated in tumor
specimens (Figure 11).

Validation of protein expression

The HPA of
immunohistochemical images and is used by researchers to

is a public database with millions
compare protein expression patterns between normal and
tumor tissues. Because the lung cancer data were not classified
according to histological type in HPA, we analyzed the THC
staining of six ERGs in lung cancer to verify their expression
levels. Notably, only protein expression staining images of five
genes (DCN, LOXL2, PLOD2, MMP14, and SPOCKI1) were
in HPA. Moreover, the results showed that the
of LOXL2, PLOD2, MMPl4

found

expression levels and
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SPOCKI1 was higher whereas that of DCN was lower in tumor
tissues compared with normal tissues (Figure 12).

Discussion

The pathologic stage is a critical marker used for prediction of
the prognosis of LUAD in routine clinical practice. However, the
progression of LUAD is highly heterogenous in terms of genetic
and epigenetic presentations (Lu et al., 2021). For this reason,
patients with the same stage of disease may have different clinical
outcomes (Yao et al., 2021). Accurate prognosis analysis is a critical
factor of precision medicine in stratifying risks and developing an
optimal management plan. A growing body of research has
revealed that EMT process regulate several aspects of cancer
cells including invasion, metastasis, refractory responses to
chemotherapy and immunotherapy, immunosuppression, and
acquisition of stem cell-like properties. Studies have also
reported that the EMT process has been linked to metastasis
and treatment resistance in LUAD (Wang et al, 2021a).
Therefore, we constructed and validated a comprehensive
signature based on EMT-related genes to predict the prognosis
of LUAD patients using GEO and TCGA dataset.
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The proposed signature consisted of six genes, DCN,
PMEPAI1, LOXL2, PLOD2, MMP14, and SPOCKI. Among
them, PMEPA1, LOXL2, PLOD2, MMP14, and SPOCK1 were
associated with poor outcomes whereas DCN was correlated with
good prognosis of LUAD patients. PMEPAI has been shown to
induce tumorigenesis by interfering with several signaling
cascades such as mutated p53, Hippo signaling, Wnt, and
EGF (Qiu et al, 2021). It has also been reported to promote
malignant behavior and enhance tumorigenic ability by
activating MAPK/JNK signaling pathways (Tan et al, 2021).
LOXL2 regulates collagen cross-linking and deposition in
primary tumor tissue. In previous studies, it was found to
promote tumor cell survival and development of drug
resistance, regulate cell adhesion, motility, and invasion.
Upregulation of LOXL2 enhanced the invasion and metastasis
of lung cancer (Peng et al., 2017). Moreover, LOXL2 has been
incorporated in prognostic models to predict late recurrence in
LUAD patients (Zhao et al., 2021). PLOD2 is one of the members
of the PLOD family that encodes the lysyl hydroxylase 2. It
modulates collagen cross-link formation in the extracellular
matrix. In previous studies, PLOD2 was reported to promote
tumor metastasis by inducing collagen cross-linking (Yamauchi
and Sricholpech, 2012; Chen et al., 2015). A bioinformatics study
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showed that the PLOD family members can be novel biomarkers
for predicting LUAD prognosis (Meng et al., 2021). Being a
member of the first membrane matrix metalloproteinases
(MMPS), MMP14 has been shown to promote extracellular
matrix (ECM) degradation to accelerate tumor cell migration,
inflammation, and metastasis. Its
expression was found to be increased in colorectal cancer,

invasion, angiogenesis

lung cancer, and nasopharyngeal carcinoma, leading to

enhanced tumor progression (Yan et al, 2015; Stawowczyk
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et al., 2017; Cui et al., 2019). SPOCK1 encodes a matricellular
glycoprotein belonging to a new Ca (2+)-binding proteoglycan
family, which promotes cell proliferation, adherence, and
migration (Bradshaw 2001). High
SPOCKI1 expression has been associated with increased
invasiveness, growth, and metastatic potential (Wang et al,
2018). In lung cancer, high expression of SPOCKI correlated
with poor prognosis. SPOCKI is a novel TGF-p-targeted gene
that regulates lung cancer epithelial cells (Basu et al., 2018). As a

and Sage,
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Landscape of immune Infiltration profiles in the low- and high-risk groups. (A) The ratio differentiation of 22 kinds of immune cells between the
low- and high-risk group, and the Wilcoxon rank sum was used for the significance test. (B—F) The violin plot showed the differences of ESTIMATE
score, stromal score, immune score, CYT score and mRNAsi score between the low- and high-risk groups. *p < 0.05, **p < 0.01, ***p < 0.001.

protective factor, DCN has been suggested to block receptor
tyrosine kinases thereby suppress lung cancer progression
(Horvath et al., 2014). This view is consistent with that of
previous articles.

The immune components of the TME can promote or
inhibit or tumor progression (Papait et al, 2020). It is
important to understand the underlying mechanisms that
are involved between EMT and the TME. In this study, the
TME was assessed using CIBERSORT and the ESTIMATE
algorithm. The relationship between the risk score and
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immune-infiltrating cells was evaluated. Results showed that
tumors in the high-risk group showed higher infiltration of
immunosuppressive cells such as macrophages, neutrophils,
and mast cells compared with tumors in the low-risk
group. This indicated that the EMT process may protect
tumors from the intrinsic anti-tumor immune response by
creating ~an  immunosuppressive  microenvironment.
Therefore, the EMT process may explain the poor prognosis
of the high-risk group. Previously, it was found that patients

with high levels of M0 macrophages had enhanced EMT
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Immune checkpoints analysis and evaluation of response to ICI therapy and chemotherapy. (A,B) The differentiation of immune checkpoints
between the low- and high-risk group. (C) The comparison of TIDE score between the low- and high-risk group. (D) Circos plot showing the
interconnectivity among ERGS genes. The thickness and color of the ribbons depend on the correlation between the signature gene expression. (E)
The sensitivity to paclitaxel, docetaxel and gemcitabine of patients with LUAD.

process, hence poor prognosis (Dong et al., 2021). Our findings
corroborate the results that mast cell-derived extracellular
vesicles induced EMT by signaling cascades (Yin et al.,
2020). Activated memory CD4" T cells were also highly
expressed in the high-risk group. We speculate that
cytokines released by activated T cells, such as IL-6, TNF,
and TGFp, can promote EMT development (Cohen et al,
2015). It was reported that CD4+T cells can induce EMT-
like features in clear cell renal carcinoma cells by secreting IL-6
(Chen et al., 2017).

In this study, the low-risk subgroup showed higher
immunoactivity of immune checkpoint molecules, immune
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score, and cytolystic activity. The higher mRNAsi was found
in the high-risk group, which may explain why EMT results in
poor prognosis. The tumor immune escape decreases the
expression of HLA which enables tumor cells to avoid the
cytolysis function of T cells (Garcia-Lora et al., 2003). We
found that expression of HLA genes was significantly
downregulated in the high-risk group, which indicated that
immune escape occurred in the high-risk group. Previous study
also reported that EMT inhibits the formation of immune
synapses between cancer cells and T cells leading the
immune escape (Akalay et al., 2013). Based on the above
results, we speculated that there might be significant
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FIGURE 12

Representative immunohistochemical stains of the five prognostic genes in the HPA database. (A) Expression of DCN protein in LUAD and
normal control samples. (B) Expression of LOXL2 protein in LUAD and normal control samples. (C) Expression of PLOD2 protein in LUAD and normal

control samples. (D) Expression of MMP14 protein in LUAD and normal control samples. (E) Expression of SPOCK1 protein in LUAD and normal
control samples.
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differences in the efficacy of immunotherapy between the two
groups. Therefore, we examined the response to ICI therapy
using the TIDE algorithm. Results showed that patients in the
low-risk group were more likely to respond to immunotherapy.

Further analysis showed that the six ERGs signature
predicted the responses to several common chemotherapeutic
agents. Particularly, the low-risk group was more sensitive to
chemotherapy drugs such as, paclitaxel, docetaxel, and
gemcitabine compared with the high-risk group. The lower
response in the high-risk group may be due to EMT-induced
drug resistance. Paclitaxel and docetaxel, two chemotherapy
drugs belonging to the taxene family, have been shown to
induce cell cycle arrest in cancer cells by preventing
EMT-induced
behavior of cancer cells can cause tolerance towards Paclitaxel
and docetaxel. Upstream mediators of EMT, such as ZEb1/2,
TGF-B, and microRNA regulate response of cancer cells to
Paclitaxel and docetaxel (Ashrafizadeh et al., 2021). During
EMT process, the conversion of E-cadherin to N-cadherin
the
transporter 1

microtubule  depolymerization. invasive

reduces expression of human balanced nucleoside
(hENT1), a drug carrier for gemcitabine
which

gemcitabine resistance in cancer cells (Weadick et al.,, 2021).

membrane transport in cancer cells, triggers
In general, we found that patients with low-risk may benefit more
from immunotherapy and chemotherapy compared with those
with high-risk. This implies that more studies are needed to
develop new treatment strategies or multi-drug combinations to
improve prognosis of high-risk patients.

Overall, the proposed ERGS signature showed good
performance in predicting the prognosis of LUAD. Our
results highlight the need to investigate the role of EMT in
the progression of LUAD. The constructed prognostic model
the

application of

can also be wused to evaluate tumor immune

microenvironment, guide individualized
therapy, and facilitate the development of targeted therapy.
Nevertheless, this study has some limitations. First, this was a
retrospective study and independent prospective cohorts are
needed to validate the prognostic model developed in the study.
The value of six genes as potential targets also needs further
investigations. Second, this risk model is highly relied on public
databases. As a result of the clinical information downloaded
from TCGA and GEO databases is limited or incomplete data,
potential prognostic factors, such as personal clinical history
and treatment intervention, are missing in our nomogram. It is
not clear How the environmental factors such as smoking and
exposure to certain toxins might have influence the identified
gene signatures. Further investigations need to be undertaken

in future clinical researches.
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Conclusion

This study constructed a novel prognostic model based on
6 EMT-related genes. The model was established in the training
cohort and validated using an external validation cohort, RT-PCR
tests, and ITHC assays. The results showed that the model was a
robust biomarker for predicting the OS in LUAD patients.
Furthermore, according to the TME analysis and evaluation of
chemotherapy efficacy, the features indirectly demonstrated that
patients in the low-risk group based the model had a higher
likelihood to benefit from immune therapy and chemotherapy.
This study provides new reference findings for further exploration
of the mechanisms of EMT and tumor immunity. It also provides
insights to guide personalized treatment of LUAD patients.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving human participants were reviewed and
approved by Ethics Committee of the Medical Association of the
Shanxi Province Cancer Hospital. The patients/participants
provided their written informed consent to participate in this study.

Author contributions

All authors were involved in drafting the article or revising it
critically for important content. Q-ZS and FL developed the
methodology and acquired the related data. Conception and
design of the study: FL and Q-ZS. Acquisition of data: Y-FZ,
X-RW, L-MC, and NL Analysis and interpretation of data: L-XZ,
S-XZ, X-FZ, Y-FZ, and X-RW. Drafting the article: Y-FZ, X-RW, and
L-MC Revising the article critically: L-XZ, S-XZ, and X-FZ. All
authors contributed to the article and approved the submitted version.

Acknowledgments

We are grateful for the joint efforts of the members of the
research group. We also extend our thanks to all participants of
this research.

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1008416

Li et al.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

References

Akalay, I, Janji, B., Hasmim, M., Noman, M. Z., André, F., De Cremoux, P., et al.
(2013). Epithelial-to-mesenchymal transition and autophagy induction in breast
carcinoma promote escape from T-cell-mediated lysis. Cancer Res. 73, 2418-2427.
doi:10.1158/0008-5472.CAN-12-2432

Ashrafizadeh, M., Mirzaei, S., Hashemi, F., Zarrabi, A., Zabolian, A., Saleki, H.,
et al. (2021). New insight towards development of paclitaxel and docetaxel
resistance in cancer cells: EMT as a novel molecular mechanism and therapeutic
possibilities. Biomed. Pharmacother. 141, 111824. doi:10.1016/j.biopha.2021.
111824

Basu, S., Cheriyamundath, S., and Ben-Zeev, A. (2018). Cell-cell adhesion:
Linking wnt/B-catenin signaling with partial EMT and stemness traits in
tumorigenesis. ~ FI000Res. 7, F1000 Faculty Rev-1488. doi:10.12688/
f1000research.15782.1

Bradshaw, A. D., and Sage, E. H. (2001). SPARC, a matricellular protein that
functions in cellular differentiation and tissue response to injury. J. Clin. Invest. 107,
1049-1054. doi:10.1172/JCI12939

Chen, Q,, Yang, D., Zong, H., Zhu, L., Wang, L., Wang, X,, et al. (2017). Growth-
induced stress enhances epithelial-mesenchymal transition induced by IL-6 in clear
cell renal cell carcinoma via the Akt/GSK-3pB/B-catenin signaling pathway.
Oncogenesis 6, €375. doi:10.1038/oncsis.2017.74

Chen, Y., Terajima, M., Yang, Y., Sun, L., Ahn, Y. H., Pankova, D,, et al. (2015).
Lysyl hydroxylase 2 induces a collagen cross-link switch in tumor stroma. J. Clin.
Invest. 125, 1147-1162. doi:10.1172/JCI74725

Cohen, E. N, Gao, H., Anfossi, S., Mego, M., Reddy, N. G., Debeb, B., et al. (2015).
Inflammation mediated metastasis: Immune induced epithelial-to-mesenchymal
transition in inflammatory breast cancer cells. PLoS One 10, €0132710. doi:10.1371/
journal.pone.0132710

Cui, G, Caj, F,, Ding, Z., and Gao, L. (2019). MMP14 predicts a poor prognosis in
patients with colorectal cancer. Hum. Pathol. 83, 36-42. doi:10.1016/j.humpath.
2018.03.030

Datar, I, and Schalper, K. A. (2016). Epithelial-mesenchymal transition and
immune evasion during lung cancer progression: The chicken or the egg? Clin.
Cancer Res. 22, 3422-3424. doi:10.1158/1078-0432.CCR-16-0336

Devarakonda, S., Morgensztern, D., and Govindan, R. (2015). Genomic
alterations in lung adenocarcinoma. Lancet. Oncol. 16, e342-51. doi:10.1016/
S1470-2045(15)00077-7

Dong, B., Wu, C., Huang, L., and Qi, Y. (2021). Macrophage-related SPP1 as a
potential biomarker for early lymph node metastasis in lung adenocarcinoma.
Front. Cell. Dev. Biol. 9, 739358. doi:10.3389/fcell.2021.739358

Garcia-Lora, A., Algarra, I, and Garrido, F. (2003). MHC class I antigens,
immune surveillance, and tumor immune escape. J. Cell. Physiol. 195, 346-355.
doi:10.1002/jcp.10290

Grivennikov, S. I, Greten, F. R, and Karin, M. (2010). Immunity, inflammation,

and cancer. Cell. 140, 883-899. doi:10.1016/j.cell.2010.01.025

Guo, H., Wang, S, Ju, M., Yan, P,, Sun, W., Li, Z,, et al. (2021). Identification of
stemness-related genes for cervical squamous cell carcinoma and endocervical
adenocarcinoma by integrated bioinformatics analysis. Front. Cell. Dev. Biol. 9,
642724. doi:10.3389/fcell.2021.642724

Gupta, G. P., and Massagué, J. (2006). Cancer metastasis: Building a framework.
Cell. 127, 679-695. doi:10.1016/j.cell.2006.11.001

Frontiers in Genetics

21

10.3389/fgene.2022.1008416

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.1008416/full#supplementary-material

Horvith, Z., Kovalszky, L, Fulldr, A., Kiss, K., Schaff, Z., Tozzo, R. V., et al. (2014).
Decorin deficiency promotes hepatic carcinogenesis. Matrix Biol. 35, 194-205.
doi:10.1016/j.matbio.2013.11.004

Iwatsuki, M., Mimori, K., Yokobori, T., Ishi, H., Beppu, T., Nakamori, S., et al.
(2010). Epithelial-mesenchymal transition in cancer development and its clinical
significance. Cancer Sci. 101, 293-299. doi:10.1111/j.1349-7006.2009.01419.x

Kim, M. J., Cervantes, C., Jung, Y. S., Zhang, X., Zhang, ], Lee, S. H., et al. (2021).
PAF remodels the DREAM complex to bypass cell quiescence and promote lung
tumorigenesis. Mol. Cell. 81, 1698-1714.¢6. e6. doi:10.1016/j.molcel.2021.02.001

Lu, L, Liu, L. P., Zhao, Q. Q., Gui, R., and Zhao, Q. Y. (2021). Identification of a
ferroptosis-related LncRNA signature as a novel prognosis model for lung
adenocarcinoma. Front. Oncol. 11, 675545. doi:10.3389/fonc.2021.675545

Meng, Y., Sun, J., Zhang, G., Yu, T., and Piao, H. (2021). Clinical prognostic value
of the PLOD gene family in lung adenocarcinoma. Front. Mol. Biosci. 8, 770729.
doi:10.3389/fmolb.2021.770729

Papait, A, Stefani, F. R., Cargnoni, A., Magatti, M., Parolini, O., and Silini, A. R.
(2020). The multifaceted roles of MSCs in the tumor microenvironment:
Interactions with immune cells and exploitation for therapy. Front. Cell. Dev.
Biol. 8, 447. doi:10.3389/fcell.2020.00447

Peng, D. H., Ungewiss, C., Tong, P., Byers, L. A., Wang, J., Canales, J. R,, et al.
(2017). ZEBI induces LOXL2-mediated collagen stabilization and deposition in the
extracellular matrix to drive lung cancer invasion and metastasis. Oncogene 36,
1925-1938. doi:10.1038/0nc.2016.358

Prateep, A., Sumkhemthong, S., Karnsomwan, W., De-Eknamkul, W., Chamni,
S., Chanvorachote, P., et al. (2018). Avicequinone B sensitizes anoikis in human
lung cancer cells. J. Biomed. Sci. 25, 32. doi:10.1186/s12929-018-0435-3

Qiu, D., Hu, J., Hy, J.,, Yu, A., Othmane, B., He, T., et al. (2021). PMEPAL is a
prognostic biomarker that correlates with cell malignancy and the tumor
microenvironment in bladder cancer. Front. Immunol. 12, 705086. doi:10.3389/
fimmu.2021.705086

Rotow, J., and Bivona, T. G. (2017). Understanding and targeting resistance
mechanisms in NSCLC. Nat. Rev. Cancer 17, 637-658. doi:10.1038/nrc.2017.84

Stawowczyk, M., Wellenstein, M. D., Lee, S. B, Yomtoubian, S., Durrans, A.,
Choi, H.,, et al. (2017). Matrix metalloproteinase 14 promotes lung cancer by
cleavage of heparin-binding EGF-like growth factor. Neoplasia 19, 55-64. doi:10.
1016/j.ne0.2016.11.005

Sung, H., Ferlay, I, Siegel, R. L., Laversanne, M., Soerjomataram, I, Jemal, A.,
et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries. Ca. Cancer J. Clin. 71,209-249.
doi:10.3322/caac.21660

Tan, B., Chen, Y., Xia, L, Yu, X,, Peng, Y., Zhang, X,, et al. (2021).
PMEPAL facilitates non-small cell lung cancer progression via activating the
JNK signaling pathway. Cancer Biomark. 31, 203-210. doi:10.3233/CBM-
200966

Terry, S., Savagner, P., Ortiz-Cuaran, S., Mahjoubi, L., Saintigny, P., Thiery, J. P.,
et al. (2017). New insights into the role of EMT in tumor immune escape. Mol.
Oncol. 11, 824-846. doi:10.1002/1878-0261.12093

Thiery, J. P., Acloque, H., Huang, R. Y., and Nieto, M. A. (2009). Epithelial-
mesenchymal transitions in development and disease. Cell. 139, 871-890. doi:10.
1016/j.cell.2009.11.007

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2022.1008416/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.1008416/full#supplementary-material
https://doi.org/10.1158/0008-5472.CAN-12-2432
https://doi.org/10.1016/j.biopha.2021.111824
https://doi.org/10.1016/j.biopha.2021.111824
https://doi.org/10.12688/f1000research.15782.1
https://doi.org/10.12688/f1000research.15782.1
https://doi.org/10.1172/JCI12939
https://doi.org/10.1038/oncsis.2017.74
https://doi.org/10.1172/JCI74725
https://doi.org/10.1371/journal.pone.0132710
https://doi.org/10.1371/journal.pone.0132710
https://doi.org/10.1016/j.humpath.2018.03.030
https://doi.org/10.1016/j.humpath.2018.03.030
https://doi.org/10.1158/1078-0432.CCR-16-0336
https://doi.org/10.1016/S1470-2045(15)00077-7
https://doi.org/10.1016/S1470-2045(15)00077-7
https://doi.org/10.3389/fcell.2021.739358
https://doi.org/10.1002/jcp.10290
https://doi.org/10.1016/j.cell.2010.01.025
https://doi.org/10.3389/fcell.2021.642724
https://doi.org/10.1016/j.cell.2006.11.001
https://doi.org/10.1016/j.matbio.2013.11.004
https://doi.org/10.1111/j.1349-7006.2009.01419.x
https://doi.org/10.1016/j.molcel.2021.02.001
https://doi.org/10.3389/fonc.2021.675545
https://doi.org/10.3389/fmolb.2021.770729
https://doi.org/10.3389/fcell.2020.00447
https://doi.org/10.1038/onc.2016.358
https://doi.org/10.1186/s12929-018-0435-3
https://doi.org/10.3389/fimmu.2021.705086
https://doi.org/10.3389/fimmu.2021.705086
https://doi.org/10.1038/nrc.2017.84
https://doi.org/10.1016/j.neo.2016.11.005
https://doi.org/10.1016/j.neo.2016.11.005
https://doi.org/10.3322/caac.21660
https://doi.org/10.3233/CBM-200966
https://doi.org/10.3233/CBM-200966
https://doi.org/10.1002/1878-0261.12093
https://doi.org/10.1016/j.cell.2009.11.007
https://doi.org/10.1016/j.cell.2009.11.007
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1008416

Li et al.

Wakiyama, H., Masuda, T., Motomura, Y., Hu, Q., Tobo, T., Eguchi, H,, et al.
(2018). Cytolytic activity (CYT) score is a prognostic biomarker reflecting host
immune status in hepatocellular carcinoma (HCC). Anticancer Res. 38, 6631-6638.
doi:10.21873/anticanres.13030

Wang, Q., Li, M., Yang, M., Yang, Y., Song, F., Zhang, W,, et al. (2020a). Analysis
of immune-related signatures of lung adenocarcinoma identified two distinct
subtypes: Implications for immune checkpoint blockade therapy. Aging (Albany
NY) 12, 3312-3339. doi:10.18632/aging.102814

Wang, T, Liu, X, Tian, Q, Liang, T., and Chang, P. (2018). Reduced
SPOCKI expression inhibits non-small cell lung cancer cell proliferation and
migration through Wnt/B-catenin signaling. Eur. Rev. Med. Pharmacol. Sci. 22,
637-644. doi:10.26355/eurrev_201802_14288

Wang, Z., Li, Z., Zhou, K, Wang, C, Jiang, L., Zhang, L., et al. (2021a).
Deciphering cell lineage specification of human lung adenocarcinoma with
single-cell RNA sequencing. Nat. Commun. 12, 6500. doi:10.1038/s41467-021-
26770-2

Wang, Z., Wang, Y., Yang, T., Xing, H., Wang, Y., Gao, L., et al. (2021b).
Prediction of RBP binding sites on circRNAs using an LSTM-based deep sequence
learning architecture. Brief. Bioinform. 22, bbab342. doi:10.1093/bib/bbab342

Frontiers in Genetics

22

10.3389/fgene.2022.1008416

Weadick, B., Nayak, D., Persaud, A. K., Hung, S. W., Raj, R., Campbell, M. ], et al.
(2021). EMT-induced gemcitabine resistance in pancreatic cancer involves the
functional loss of equilibrative nucleoside transporter 1. Mol. Cancer Ther. 20,
410-422. doi:10.1158/1535-7163.MCT-20-0316

Yamauchi, M., and Sricholpech, M. (2012). Lysine post-translational
modifications of collagen. Essays Biochem. 52, 113-133. doi:10.1042/bse0520113

Yan, T, Lin, Z,, Jiang, J., Lu, S., Chen, M., Que, H., et al. (2015). MMP14 regulates
cell migration and invasion through epithelial-mesenchymal transition in
nasopharyngeal carcinoma. Am. J. Transl. Res. 7, 950-958.

Yao, J., Chen, X., Liu, X,, Li, R., Zhou, X., and Qu, Y. (2021). Characterization of a
ferroptosis and iron-metabolism related IncRNA signature in lung
adenocarcinoma. Cancer Cell. Int. 21, 340. doi:10.1186/s12935-021-02027-2

Yin, Y., Shelke, G. V., Lisser, C., Brismar, H., and Lotvall, J. (2020). Extracellular
vesicles from mast cells induce mesenchymal transition in airway epithelial cells.
Respir. Res. 21, 101. doi:10.1186/s12931-020-01346-8

Zhao, H., Zhang, X., Guo, L., Shi, S,, and Lu, C. (2021). A robust seven-gene
signature associated with tumor microenvironment to predict survival outcomes of

patients with stage III-IV lung adenocarcinoma. Front. Genet. 12, 684281. doi:10.
3389/fgene.2021.684281

frontiersin.org


https://doi.org/10.21873/anticanres.13030
https://doi.org/10.18632/aging.102814
https://doi.org/10.26355/eurrev_201802_14288
https://doi.org/10.1038/s41467-021-26770-2
https://doi.org/10.1038/s41467-021-26770-2
https://doi.org/10.1093/bib/bbab342
https://doi.org/10.1158/1535-7163.MCT-20-0316
https://doi.org/10.1042/bse0520113
https://doi.org/10.1186/s12935-021-02027-2
https://doi.org/10.1186/s12931-020-01346-8
https://doi.org/10.3389/fgene.2021.684281
https://doi.org/10.3389/fgene.2021.684281
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1008416

:' frontiers | Frontiers in Genetics

‘ @ Check for updates

OPEN ACCESS

Yi Yao,
Renmin Hospital of Wuhan University,
China

Cuiling Zheng,

Chinese Academy of Medical Sciences
and Peking Union Medical College,
China

Giovanni Brandi,

University of Bologna, Italy

Qinglin Shen,
ginglinshen@whu.edu.cn

These authors have contributed equally
to this work

This article was submitted to Cancer
Genetics and Oncogenomics,

a section of the journal

Frontiers in Genetics

28 July 2022
09 September 2022
30 September 2022

Hu M, Yao W and Shen Q (2022),
Advances and challenges of
immunocheckpoint inhibitors in the
treatment of primary liver cancer.
Front. Genet. 13:1005658.

doi: 10.3389/fgene.2022.1005658

© 2022 Hu, Yao and Shen. This is an
open-access article distributed under
the terms of the Creative Commons
Attribution License (CC BY). The use,
distribution or reproduction in other
forums is permitted, provided the
original author(s) and the copyright
owner(s) are credited and that the
original publication in this journal is
cited, in accordance with accepted
academic practice. No use, distribution
or reproduction is permitted which does
not comply with these terms.

Frontiers in Genetics

Review
30 September 2022
10.3389/fgene.2022.1005658

Advances and challenges of
Immunocheckpoint inhibitors in
the treatment of primary liver
cancer

Meng Hu'!, Weirong Yao®! and Qinglin Shen®?*

Department of Oncology, Jiangxi Provincial People’'s Hospital, the First Affiliated Hospital of
Nanchang Medical College, Nanchang, China, ?Institute of Clinical Medicine, Jiangxi Provincial
People's Hospital, the First Affiliated Hospital of Nanchang Medical College, Nanchang, China

Primary liver cancer (PLC) is one of the most common malignant tumors, which
clinically characterized by occult onset, rapid development, easy recurrence
and poor prognosis. With the rapid development of tumor immunotherapy
research, tumor immunotherapy has also achieved remarkable clinical efficacy,
and jointly promoted the overall improvement of tumor immunology from
mechanism research to clinical transformation, from single discipline to multi-
disciplinary integration. Immunotherapy has obvious advantages in treatment-
related toxicity and efficacy compared with traditional therapy. In hepatocellular
carcinoma (HCC), immunotherapy alone or in combination with other therapies
may help to control tumor progression, and there are many immune checkpoint
inhibitors (ICls) widely used in clinical or ongoing clinical trials. However, tumor
immunology research is still facing many challenges. How to effectively
evaluate the efficacy, whether there are related biomarkers, the generation
of immune tolerance and the lack of clinical trials to objectively evaluate the
efficacy are still urgent problems to be solved, but it also brings new research
opportunities for basic and clinical immunology researchers. The study of
treatment of ICls of PLC has become a hot spot in clinical research field.
This paper summarizes and prospects the research progress and challenges of
ICls for PLC.

KEYWORDS

primary liver cancer, immune checkpoint inhibitors, immunotherapy, advances,
challenges

Introduction

Primary liver cancer (PLC) includes hepatocellular carcinoma (HCC),
cholangiocarcinoma (CCA) and mixed hepatocellular carcinoma -cholangiocarcinoma
(HCC-CCA). HCC accounts for around 90% of the total number of PLC, with incidence
rate of fifth in men and eighth in women. According to the global cancer statistics in 2020,
HCC is the sixth largest cancer in the world, with the death rate ranking the fourth in the
world (Sung et al., 2021). There are at least 700,000 new cases of HCC raised every year.
The number of patients with HCC in China accounts for about 50-55% of the total
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number of patients in the world (Jemal et al., 2013), and the
mortality accounts for 50% of the total number of patients with
HCC in the world. The main pathogenic factors of HCC include:
hepatitis B virus (HBV) infection, alcoholic liver disease,
diabetes, and some metabolic diseases (Mcglynn et al., 2015).
The of HCC of surgery,
chemoradiotherapy, targeted therapy and immunotherapy (De
Lorenzo et al., 2018; Tai et al., 2019). Base of the characteristics of
PLC and the degree of malignancy, most of the patients with PLC

routine treatment consists

are in the middle and advanced stage when they are initially
diagnosed, who would almost lose the chance of surgery
treatment, so, the systemic drug therapy is considered as the
proper management (Waese et al., 2017; Rizzo et al., 2021b). In
December of 2005, the food and Drug Administration (FDA)
approved Solafeni for the treatment of first-stage renal cancer.
Since that, the period of targeted treatment of PLC was officially
initiated, then, the molecular targeted drugs such as Lenvatinib
and Regorafenib were licensed subsequently in treatment of
HCC. However,
inhibitors (TKIs) is limited due to the emergence of drug
resistance (Saffo and Taddei, 2019; Rizzo et al., 2020).

With the rapid development of molecular biology, studies

the curative effect of tyrosine kinase

have found that the liver is important immune organ of the body
(Solter and Philip, 2005; Szabo et al., 2018), because there are a
large number of macrophages and immune cells in the liver
microenvironment, which makes it form a very complex immune
2012).
immunotherapy for PLC arises at the historic moment.

tolerance microenvironment (Peterson., Therefore,
Studies have confirmed that immunotherapy could enhance
the body’s immune response, break the immune tolerance,
activate the body’s immune cells to recognize and kill tumor
cells, so as to obtain anti-tumor effect (Scheinberg and Pinilla-
Ibarz, 2006; Scheinberg and Pinilla-Ibarz, 2009). Immunotherapy
for PLC would stimulate the body’s immune response to tumor
cells and regulate the immune microenvironment of PLC
through various ways of immune activation, so as to achieve
the anti-tumor effect through the interaction of immune cells and
molecules (Cao et al., 2005; Cantor et al., 2013; Rizzo et al,,
2021a). Although the immunotherapy of PLC has made
gratifying progress, it still faces many problems, e.g., the
related immune escape and combined therapy of PLC. This
paper here focuses on the summarization of the advances and
challenges of ICIs in the treatment of PLC.

Immunosuppression mechanism in
microenvironment of PLC

First of all, tumor microenvironment (TME) mainly refers to
the internal and external environment of the body where tumor
occurs and develops, which plays an important role in the process
of body
immunosuppression and anti-tumor (Chen and Hua, 2012).

tumor  development, immune  escape,
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Under physiological conditions, intestinal metabolites and
bacteria would enter the liver through the portal system, and
act as antigens to stimulate the liver immune system to maintain
homeostasis and avoid excessive autoimmune reaction, which is
feasible to establish immune tolerance microenvironment.
Therefore, PLC is also called
(Ferndndez et al., 2019).

China is a traditional country with a large population of

immune amnesty organ

hepatitis B. PLC is often derived from chronic hepatitis B
cirrhosis and chronic hepatitis patients. Due to the interaction
of various inflammatory cells, the liver is immersed in more
complex chronic inflammatory microenvironment (Yoon et al.,
2010; Altomonte and Ebert, 2014). With the development of
molecular biology and the studies in mechanism of malignant
tumor, the hepatoma cells are identified in a highly inhibited
immune microenvironment. Through down regulation of the
main histocompatibility complex-I(MHC-I), secretion of
immunosuppressive cytokines and negative co-stimulation
signals (Lowe et al, 2014), the host immunosuppression is
induced, result in avoiding the autoimmune response. The
particularity of PLC leads to the complexity and challenge of
its immunotherapy (Yuan et al., 2017; Nguyen et al., 2021). The
results show that (Shiraha et al., 2020), tumor related fibroblasts
in TME can release a large number of immunosuppressive
related molecules, such as prostaglandin E2; In addition, the
risk of recurrence of PLC after liver transplantation is correlated
with Th1 cells and interferon-y, and the high expression of these
cytokines may be related to the prognosis of tumor. In addition,
CD8* T cell is one of the main immune cells that able to identify
and kill tumor cells. In the microenvironment of PLC, the
function of CD8" T cell is inhibited to promote the rapid
growth of HCC cells (Du and Wang, 2011). For example, in
PLC, bone marrow cells differentiate into more immature
myeloid cells, which can affect the immune microenvironment
of PLC at a certain stage (Perussia et al., 1984). This cell is also
called the marrow derived suppressor cells (MDSCs) due to its
immature characteristics and remarkable diversity. Different
differentiated
environments and time, including: dendritic cells (DCs),

main immune cells were in variety of
macrophages and neutrophils, which are called tumor related
DCs, tumor associated macrophages (TAMs) (Thiem et al,
2021), (TANs). The
microenvironment of tumor also includes cancer associated
fibroblasts (CAFs), tumor infiltrating lymphocytes (TILs).

Simultaneously, there are many immunosuppressive pathways

tumor associated  neutrophils

in the microenvironment of PLC, which exert the progress of
PLC and immune escape (Zhu et al., 2019). For instance, in the
process of chronic hepatitis caused by long-term hepatitis virus
(mainly hepatitis B), many kinds of inhibitory immune factors
would be secreted, which promote the occurrence and
proliferation of malignant tumor cells (Timperi and Barnaba,
2020); The endogenous cell cycle related kinase (CCRK) can be
applied into the liver through EZH2/NF-KB signaling pathway to
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TABLE 1 Progress of various immune checkpoint inhibitors in the treatment of primary liver cancer.

Drug name

Atilizumab +
Bevacizumab (A+ T)

Camrelizumab +
apatinib

Characteristics of
cohort
study

Imbravei50 phase IIT
multicenter study

Non-random, open, multi
center, phase II project
carried out by 25 centers in
China

Target
(mechanism)

PD-1+ VEGF
inhibitor

PD-1+VEGFR-
2 inhibitor

Patient selection

501 unresectable HCC
patients who had not
received systematic
treatment before

Phase II clinical study on
the first-line and second-

line treatment of 190 cases
of advanced liver cancer in
rescue

Intervention
measures

They were randomly
assigned into the
experimental group and the
control group according to
2:1. The experimental group
received 1200 mg
intravenous infusion of
atilizumab, followed by

15 mg/kg intravenous
infusion of bevacizumab on
the same day, Q3W; The
control group was treated
with sorafenib 400 mg
orally twice a day until the
disease progressed or
intolerable toxicity appeared

Camrelizumab
(intravenous, 200 mg [for
body weight >50 kg] or
3 mg/kg [for body
weight <50 kg], Q2W) +
Apatinib (250 mg/

day, Q4W)

grouping

A+ T vs. Sorafenib

Camrelizumab + Apatinib vs.
Apatinib

Clinical results
(ORR,
PFS, 0S)

A+ T vs. Sorafenib: mOS
19.2 vs. 13.4 m(HR = 0.66,
p =0.0009), mPPS

6.9 vs. 4.3 m,

ORR 29.8% vs. 11.3%

In the first-line treatment
group, mOS was 20.3 m,
mPFS was 5.7 m, ORR
was 34.3%

Main side effects

38% of people had serious AE
(Grade 3-4), and the most
common AEs (in >20% of
patients) were hypertension,
fatigue and proteinuria

The frequency of TRAs above
Grade 3 was 78.6%

Nivolumab +
Ipilimumab (O+ Y)

Checkmate 040 cohort
4 phase I/II global
multicenter single arm
study

PD-L1+CTLA-4

Second line phase I/1I
study of 148 cases of
advanced liver cancer

The patients were randomly
assigned according to the
ratio of 1 : 1: 1. They
received 1 mg/kg of
Nivolumab combined with
3 mg/kg of Ipilimumab
Q3W (4 doses), and then
240 mg of Nivolumab Q2W
(group A); Nivolumab

3 mg/kg combined with
Ipitumab 1 mg/kg Q3W

(4 doses), and then 240 mg
Nivolumab Q2W (group B);
Or 3 mg/kg of Nivolumab
Q2W and 1 mg/kg of
Ipilizumab Q6W (Group C)

25

Group A (Nivolumab 1 mg/kg,
Ipilimumab 3 mg/kg, Q3W,
followed by Nivolumab 240 mg
Q2W after 4 courses of
treatment); Group B
(Nivolumab 3 mg/kg,
Ipilimumab 1 mg/kg, Q3W,
followed by Nivolumab 240 mg
every 2 weeks after 4 courses of
treatment); Group C
(Nivolumab 3 mg/kg,
Ipilimumab 1 mg/kg, Q6W)

(mOS : 22.8 vs. 12.5 m vs.
12.7 m, ORR: 32% vs. 27%
vs. 29%)

The TRAEs of double
immunosuppressants were
slightly higher, 3/4 of the
patients in group A had AEs, but
they were controllable as a
whole

(Continued on following page)
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TABLE 1 (Continued) Progress of various immune checkpoint inhibitors in the treatment of primary liver cancer.

Drug name Characteristics of Target
cohort (mechanism)
study

Durvalumab +
Tremelimumab(T
+ D)

Study22 VII global
multicenter research

Nivolumab (O) Checkmate 459 phase III PD-1

global multicenter study

Pembrolizumab Keynote 240 phase III PD-1
global multicenter study
Camrelizumab Phase IT China multicenter ~ PD-1

single arm study

PD-L1+CTLA-4

Patient selection

Phase II clinical study on
second-line treatment of
322 cases of

advanced HCC

493 cases of
advanced HCC

Second line treatment of
413 cases of
advanced HCC

220 patients were included,
of which the proportion of
HBYV infection was as high
as 83.4%

Intervention
measures

T300 + D75 (T 300 mg + D
1500 mg, sequential D

1500 mg after one course of
treatment, Q4W)

D 104 (D 1500 mg Q4W);

T69 (T 750mg, Q4W in the
first 7 cycles and QI12W
after 7 cycles)

D 104 (D 1500 mg Q4W);

Checkmate 459 is a
randomized, multicenter,
phase III clinical study
involving 743 patients with
advanced liver cancer aged
18 or over who did not
receive systematic
treatment. 1: 1 after
randomization, 371 patients
received intravenous

240 mg navulizumab Q2W,
and 372 patients took

400 mg sorafenib orally
twice a day

The patients were randomly
assigned to receive
Pembrolizumab 200 mg +
best supportive treatment
vs. Placebo + best
supportive treatment
according to 2:1, Q3W

Camrelizumab 3 mg/kg,

Group(Q2W)vs.
Group(Q3W) = 110:110

26

grouping

T300 + D75 (T 300 mg + D
1500mg, sequential D 1500 mg
after one course of

treatment, Q4W)

T69 (T 750mg, Q4W in the first
7 cycles and Q12W after

7 cycles);

T75 + D 84 (T 75 mg + D
1500mg, sequential D drug
1500 mg after 4 cycles, Q4W)

Navuliumab(371) vs.
Sorafenib(372)

Pembrolizumab(278)vs.
Placebo(135)

Q2W (3 mg/kG)vs.
Q3W (3 mg/kG)

Clinical results
(ORR,
PFES, OS)

mOS: 18.7 vs. 11.7 m vs.

17.1 vs. 11.3 m; ORR:
22.7% vs. 9.6% vs. 7.2%
vs. 9.5%

08S:16.4 vs. 14.7 m; PFES:
3.7 vs. 3.8 m; ORR:
15 vs. 7%

08S:13.9 vs. 10.6 m; PES:
3.3 ys. 2.8 m; ORR:
18.3 vs. 4.4%

0S:14.2 vs. 13.2 m; PES:

2.3 vs. 2.0m; ORR:
11.9 vs. 17.6%

Main side effects

Grade 3-4 AE: 35.1% vs.
17.8%vs.

42.0% vs. 24.4%

Grade 3-4 AE: 22 vs. 49%

Grade 3-4 AE: 18.6vs. 7.5%

Grade 3-4 AEs: 22%, mainly
reactive skin capillary
hyperplasia, and most patients
mainly have grade 1-2 AEs

(Continued on following page)
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TABLE 1 (Continued) Progress of various immune checkpoint inhibitors in the treatment of primary liver cancer.

Drug name

Sintilimab +
Bevacizumab

Toripalimab +
Lefatini

Characteristics of
cohort
study

Randomized, controlled,
open phase III clinical
study

Single arm phase II

Target
(mechanism)

Domestic PD-1 +
VEGEF inhibitor

RTK inhibitor +
PD-1 + HIC

Patient selection

571 cases of unresectable
or metastatic HCC treated
with first-line therapy

36 adult patients with
advanced HCC (=18 years
old) had ECoG score of
0-2 and child Pugh class a
liver function

Intervention
measures

The patients were randomly
divided into groups
according to 2:1 and
received Sintilimab +
Bevacizumab vs. Sorafenib

Lefatini (8 mg when body
weight <60 kg, 12 mg when
body weight >60kg, oral
once a day) was used

3-7 days before the initial
HAIC to determine
tolerance. They were then
treated with lenvatinib for
21 days (one cycle from day
1 to day 21), treprizumab
(intravenous infusion of
240 mg on day 1), HAIC
(day 1 to day 2) and
FOLFOX regimen
(oxaliplatin 85 mg/mz2, folic
acid 400 mg/m2, 5-
fluorouracil 400 mg/m2 on
day 1 and 5-fluorouracil
2400 mg/m?2 for 224 h),
Until the disease progresses
or intolerable toxicity occurs

27

grouping

Sintilimab + Bevacizumab vs.
Sorafenib

Toripalimab + Lefatini vs.
Lefatini

Clinical results
(ORR,
PFS, OS)

mOS:Not reached(NR)
v5.10.4m; mPFS: 4.6 vs.
2.8m; the risk of death and
the risk of disease
progression were reduced
43%and 44%, respectively

PFS: 11.1 vs. 5.1 m, OS: Not
reached(NR) vs. 11.0m,
ORR:66.7%
(CR14.1%),DCR:90.1%

Main side effects

The incidence of grade 3-4 AEs
was similar to that of sorafenib

Grade 3-4 TRAs (trae) occurred
in 72.2% of patients. The most
common were
thrombocytopenia (13.9%),
elevated aspartate
aminotransferase (AST; 13.9%)
and hypertension (11.1%)
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upregulates the production of IL-6, inducing MDSCs to gather in
TME, which plays a role in stimulating tumor growth (Zhou
et al., 2017); Some studies have shown that the proliferation of
liver tumor cells will generate local hypoxia to induce the increase
of MDSCs, leading to the progress of tumor cell cloning (Chiu
etal., 2017). In addition, there are also studies release TANs could
raise macrophages and Tregs cells into hepatoma cells, and
enhance the growth and progress of HCC (Zhou et al., 2016;
Jiang et al, 2017). These immunosuppressive factors play a
regulatory role in the occurrence and development of PLC to
different degrees.

In short, the occurrence and development of PLC need to be
formed through a variety of ways and factors, and the mechanism
is relatively complex.

Current status of ICls for HCC

At present, the studies of immune checkpoint inhibitors
(ICIs) is hot in the research of malignant tumor, especially in
the immunotherapy of lung cancer, and then spread into the
research of a variety of other malignant tumors. The targets of
immunosuppressive agents mainly include programmed death-1
(PD-1)/programmed death ligand 1 (PD-L 1) and cytotoxic T
lymphocyte associated antigen-4 (CTLA-4), also many other
encouraging clinical results have been reported. Progress of
various ICIs in the treatment of PLC summarized in Table 1.

Current status of PD - 1/PD—L 1 blocking
therapy

Ishida and his colleague (Ishida et al., 1992; Dong et al,,
1999; Fitzsimmons and Sadkowsky, 2002) first discovered
that PD-1 (CD279) can induce apoptosis in mouse T-cell
hybridoma since 1992, there have been more and more
studies on PD-1/PD-L1, which has become a “superstar” in
research. Among them, PD-1 is
of CD28
superfamily of transmembrane receptor. It is a powerful

cancer a negative

costimulatory  molecule immunoglobulin
inhibitor of effector T cells response. It is found in a
variety of immune cells, such as T cells, B cells and NK
cells. It is mainly expressed in CD8" T cells. It can also be
expressed in bone marrow-derived suppressor cells and Treg
cells, PD-1 has two kinds of cell membrane protein ligands:
PD-L1 (B7-H1/CD274) and PD-L2 (B7-DC/CD273). The
process of interaction between PD-1 and PD-L1/PD-L2 is
mainly that PD-1 binds with PD-L1/PD-L2, transmits the co
inhibitory signal of T cells antigen receptor and inhibits the
production of various cytokines by suppressing the activation
of T cells, thus assisting tumor immune escape. The higher
PD-1 affects
differentiation of Treg cells, and further regulates the

expression level the proliferation and
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peripheral immune tolerance response (Jilaveanu et al,
2014).

PD-1 inhibitors
Nivolumab

Nivolumab (BMS936558, MDX-1106, Opdivo) is a completely
humanized IgG4 monoclonal antibody targeting PD-1. Since 2014,
Nivolumab has been approved by FDA for secondary treatment of
metastatic melanoma and NSCLC, and it has been approved by
FDA for bladder cancer in February, 2017 and second line
treatment of HCC in late stage treated by Sorafenib in
September, 2017. The famous Checkmate- 040 (El-Khoueiry
et al, 2017) includes two parts: phase I dose climbing study
(n = 48) and 1l phase queue extension study (n = 214). The
results show that the disease control rate (DCR) is 58%, objective
response rate (ORR) is 15%, and the overall survival (OS) is
15 months, The OS of 6 and 9 months was 66%. The ORR was
20%, DCR was 64%, and the OS in 6 and 9 months were 83 and
74%, respectively. Compared with the first-line treatment of
advanced HCC Checkmate-459 (NCT02576509) (Yau et al,
2019b), the results of the global and multicenter III trials of
Sorafenib showed that the median overall survival (mOS) of
164 and
14.7 months (p = 0.0419), respectively. However, the expression

Nivolumab group and Sorafenib group were

of PD-L1, the efficacy of Nivolumab was consistent, and the
median progression free survival (mPFS) of both groups were
3.7 and 3.8 months, respectively, there was no significant difference
in mPFS, with the ORR of 15 and 7%, respectively. At the same
time, the safety of Nivolumab was higher, and 22 and 49% of
treatment related adverse reactions (TRAEs) in the Nivolumab
group and Sorafenib group were respectively.

Pembrolizumab

Pembrolizumab is a highly selective and humanized IgG
4 monoclonal antibody, which can target to inhibit negative
regulation of PD-L signal. The clinical efficacy and safety are
similar to that of Nivolumab. In 2018, a non-randomized,
multicenter, open phase II single arm clinical study Keynote-
224 assessed the safety and efficacy of pembrolizumab in the late
stage of HCC. A total of 104 patients with advanced Child-Pugh
A who were treated with Sorafenib were enrolled in the study.
The study included 104 patients with advanced Child-Pugh A
who had been treated with Sorafenib for 2 years, until the disease
progresses or an intolerable toxic reaction occurs. The results
showed that the DCR was 62%, objective remission rate was 17%,
complete remission rate was 1%, mPFS reached 4.9 months, OS
was 12.9 months, 12 months OS rate was 54%, the incidence of
level 3 related adverse reactions was 16%, and the adverse
reactions above grade 4 did not occur, and the adverse
reactions were mainly caused by the increase of aspartate
transaminase. It is precisely because of the Keynote-224 (Zhu
et al., 2018) research results that in 2018, the FDA approved
pembrolizumab for the second-line treatment of advanced HCC
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patients, and the second PD-1 inhibitor approved by FDA for
advanced HCC. In 2019, a randomized controlled phase III
clinical trial Keynote-240 (NCT02702401) compared the
best support therapy with pembrolizumab for the second-
line treatment of advanced HCC. The results showed that
pembrolizumab had significant effect. The study included
413 patients with advanced PLC, randomly assigned to the
pembrolizumab group and the control group according to 2:
1, and followed up for 13.8 months. The total survival time of
pembrolizumab group was prolonged for 3 months (13.9 vs.
10.6 m); The results showed that PFS was improved (p =
0.0022) in one side (p = 0.0238). Unfortunately, the difference
did not reach the established statistical level. The ORR of
pembrolizumab and placebo group was 18.3 and 4.4%,
respectively. The efficacy of pembrolizumab group was
long-lasting, and the median DOR was 13.8 months. In
terms of safety, the treatment group had increased
transaminase, bilirubin, diarrhea, rash, efc. most of the
adverse reactions were 1-2, and 3-4 were rare. Keynote-240
study did not reach the expected results. The reasons for the
end point, a value and p value adjustment of the study were
found and the clinical research continued to be carried out.
The Keynote-394 study, as a second-line treatment, is
expected to be used in the randomized, double-blind,
international multicenter phase III clinical study in
patients with advanced Asian HCC. We believe that the
clinical research of PD-1 inhibitor in the treatment of
HCC will be more and more profound in the future, and
that better clinical data will be obtained.

Camrelizumab

Camrelizumab is the first PD-1 inhibitor independently
developed by HENGRUI company of China to be approved as
an indication for advanced HCC. In 2019, Professor Qin
Shukui led a multicenter, phase II clinical study (Qin et al.,
2020) (NCT02989922) on second-line and above treatment of
advanced HCC in China. A total of 220 patients were
recruited in the study, of which the proportion of HBV
infection was as high as 83.4%. They were randomly
assigned to Camrelizumab 3 mg/kg, every 2 weeks (Q2W)
and 3 mg/kg, Q3W at a ratio of 1:1. The results showed that
the overall mPFS was 2.1 months, so the ORR of patients was
14.7% (the ORR of 2W group and 3W group were 11.9 and
17.6%, respectively). The OS of all patients was 13.8 months,
the OS of 2W treatment group was 14.2 months, and the OS
of 3W group was 13.2 months. The OS rates of all patients at
6 and 12 months were 74.7 and 55.9%, respectively. There was
no significant difference in ORR between every 2 weeks and
every 3 weeks. The main adverse reactions were reactive
cutaneous capillary hyperplasia, and most of the patients
had grade 1-2 adverse reactions. The safety was similar to
that of Nivolumab and pembrolizumab. In March 2020, it was
by  the Medical ~ Products

approved National
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Administration (NMPA) as the second-line treatment for
advanced HCC.

Tislelizumab

In the clinical research of immunotherapy for advanced
HCC, immunotherapy has been unanimously recommended
by domestic and foreign HCC guidelines. However, some
clinical studies still fail to obtain gratifying results, such as
Keynote-240 and Checkmate-459 (Vogel et al., 2020) studies,
which did not reach the preset statistical significance.
Tislelizumab is a PD-1 monoclonal antibody independently
developed in China (Lee and Keam, 2020). It is also a
humanized IgG4 anti-PD-1 monoclonal antibody. FC segment
structure optimization of Tislelizumab can effectively avoid
antibody-dependent cellular phagocytosis (ADCP) effect. It
has a good T cell activation effect in PLC cells with immune
cell aggregation, and has high affinity and specific binding ability
with PD-1. FC segment of TisleliTzumab can also be optimized
by genetic engineering technology to make it interact with
macrophage FCy (Zhang et al., 2018) , On 26 December 2019,
NMPA approved the market.

The BGB-A317-001 study (Desai et al., 2016; Wu et al., 2019)
explored the efficacy, safety and tolerability of Tislelizumab.
The study is divided into phase 1A dose climbing and dose
exploration. In conclusion, after receiving Tislelizumab
monotherapy for more than 12months, patients can still
maintain good tolerance. Regardless of the expression of PD-LI,
Tislelizumab monotherapy can produce lasting anti-tumor effect in
a variety of solid tumor patients. Currently, BGB-A317-208, BGB-

A317-301 and other similar studies have been carried out.

Sintilimab

Sintilimab injection is a monoclonal antibody against human
IgG4, which can specifically bind to PD-1 molecule on the surface
of T cells, thus blocking PD-1/PD-L1 pathway leading to tumor
immune tolerance, starting T cells to kill tumor cells, so as to
achieve the purpose of anti-tumor. ESMO conference in
2020 reported a single arm phase II clinical study of
Sintilimab combined with Anlotinib in the first-line treatment
of patients with advanced HCC (Chen X. et al., 2020). In this
study, a total of 14 evaluable patients had ORR as high as 42.9%
(RECIST1.1), 5 patients had partial remission (PR), 1 patient had
complete remission (CR), and the DCR rate was 92.9%, with
good tolerance. Another clinical study, a randomized, controlled,
and open phase III clinical study (Ren et al., 2020) (ORIENT-32),
explored the comparison between Sintilimab combined with
bevacizumab and sorafenib in the first-line treatment of
unresectable HCC patients. Nearly 600 Chinese patients were
included in the study. The study showed that the ORR of
Sintilimab combined with bevacizumab was 5 times that of
sorafenib group. The combined group reduced the risk of
death and disease progression by 43%. The mOS of the two
groups were not reached and 10.4 months, and the mPFS were
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4.6 and 2.8 months, respectively. The safety was impressive. The
incidence of grade 3-4 TRAE was only 33.7%. Because of the
success of this pioneering study, it has become the first phase III
clinical study of PD-1 combination therapy for first-line
advanced HCC with positive results in the world. At the same
time, this research result makes Sintilimab combined with
bevacizumab first-line recommended by NCCN guidelines for
patients with advanced HCC. Therefore, new schemes and ideas
are added for patients with advanced HCC.

Toripalimab

On 17 December 2018, the State Drug Administration approved
the first homemade PD-1 monoclonal antibody-toripalimab
injection. Toripalimab is an IgG4 type monoclonal antibody with
independent intellectual property rights developed by JUNSHI (Jiao
Y. et al., 2020), which has a unique binding site. At the same time, a
proline (S228P) point mutation was introduced into the serine
protein site 228 in the hinge region of the heavy chain to
increase the stability of the antibody. It has dual antitumor
effects. Its anti-tumor mechanism is mainly to block PD-1/PD-
L1 signaling pathway, improve T cell response activity in vitro and in
vivo, and achieve T cell proliferation and anti-tumor effect
(Greenwald, 2008); In addition, it mediates the endocytosis of
PD-1, reduces the expression of PD-1 membrane, and relieves
T cell immunosuppression. A real-world clinical study of
domestic PD-1 inhibitor monotherapy for HBV related PLC
(Chen J. et al,, 2020) showed that the ORR of Toripalimab was
15.4%, the DCR was 53.8%, the total ORR was 17.3%, and the DCR
was 72.0%. On 20 March 2021, the second CSCO-JUNSHI
biological tumor immunity summit forum announced the results
of initial analysis of phase II study of first-line treatment of advanced
HCC with Toripalimab combined with bevacizumab, and
announced the launch of international multi-center phase III
study (JUPITER-10, NCT04723004), A total of
54 patients with unresectable locally advanced or metastatic HCC

clinical

were enrolled in this phase II study. 87% of the patients had chronic
hepatitis B and more than half had extrahepatic metastasis. The
ORR was 47.7%. Research data demonstrate that most of the adverse
events are mild grade one or two adverse events, and there are no
grade four or more serious adverse events. At present, the overall
data is not yet mature, the mPFS and mOS have not yet reached, and
the research is still in progress, which is worth looking forward to.

Panaprizumab

Panaprizumab is a PD-1 monoclonal antibody developed by
a joint venture established by KANGFANG biomedical Co., Ltd.
and China Institute of Biopharmaceuticals. It is characterized by
complete removal of FC receptor and complement mediated
function of Panaprizumab through FC mutation, and slow
antigen binding and dissociation rate. These characteristics
make it possible for Panaprizumab to become an anti-PD-
1 drug with better clinical benefits. At present, in China, the
new drug application of Panaprizumab for the treatment of
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relapsed or refractory (R/R) classical Hodgkin’s lymphoma (R/
R CHL) has been accepted by Center for Drug Evaluation (CDE)
in May 2020 (Song et al, 2019; Mislang et al, 2020).and
published in the International Symposium on gastrointestinal
cancer (ASCOGI) in 2021. As of November 2020, the confirmed
ORR, DCR, mPFS, 6-month PFS, and 6-month OS were 31.0,
82.8, 63.2 and 93.2%, respectively. The incidence of grade 3 and
above TRAE associated with Panaprizumab or Anlotinib was
19.4%, and the incidence of serious adverse events associated
with Panaprizumab or Anlotinib was 6.5%. Studies suggest that
the combination of Panaprizumab and Anlotinib is safe and
tolerable, as the first-line treatment for patients with advanced
HCC (Kotasek et al, 2019; Shan et al, 2021), showing
encouraging antitumor activity. At the same time, the results
support the exploration of a phase III clinical trial
(NCT04344158) for the first-line treatment of advanced HCC
with higher doses of Anlotinib combined with Panaprizumab,
and Panaprizumab combined with Anlotinib (10 mg, continuous
for two weeks, withdrawal for one week).

PD-L1 inhibitors

PD-LI inhibitors mainly include Atezolizumab, Avelumab
and Durvalumab. There are few clinical studies on PD-L1
inhibitors in the treatment of advanced HCC.

Durvalumab

Durvalumab is a humanized monoclonal antibody
(IgGl K type) against programmed death receptor ligand 1
(PD-L1) expressed in Chinese hamster ovary cells (CHO). In
2017, a phase I-II clinical study on Durvalumab in the
treatment of advanced HCC patients who failed to receive
sorafenib (Wainberg et al, 2017) included 40 patients with
advanced HCC. After treatment with Durvalumab (10 mg/kg),
the results showed that ORR was 10%, DCR was 33.3%, mOS was
13.2 months, and the incidence of grade 3-4 adverse reactions was
20%. The effect of single drug treatment was good. At present,
there are more and more clinical studies, and the clinical study of
combined immunotherapy in lung cancer has a clear curative

effect, and the clinical study in PLC is under study.

Atezolizumab

Atezolizumab is a monoclonal antibody that can bind to PD-
L1 and block its interaction with PD-1 and B7.1 receptor. These
include activation of anti-tumor immune response without
inducing antibody dependent cytotoxicity. In the syngeneic
mouse tumor model, blocking PD-L1 activity resulted in
decreased tumor growth. The phase 1b clinical study was
reported at the ESMO meeting in 2019 (Stein et al,, 2018). The
ORR of 59 patients with advanced HCC treated with Atezolizumab
as the first-line treatment was 17%. Compared with Atezolizumab
combined with bevacizumab, the mPES was 3.4 and 5.6 months,
respectively. However, more and larger phase IIT clinical studies
are needed to further confirm its efficacy and safety.
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CTLA-4 blocker

On 25 March 2011, the United States Food and Drug
(FDA) the of CTLA-4
monoclonal antibody (Ipilimumab) in the treatment of

Administration approved use
advanced melanoma, which has become a major breakthrough
in the field of immunotherapy (Trinh and Hwu, 2012).
Although the drug research stage has a good survival rate, but
combined with a variety of related adverse reactions, it is
criticized. In 2015, the US FDA granted the qualification
for Tremelimumab, a monoclonal antibody against CTLA-4
inhibitor of AstraZeneca, for the treatment of mesothelioma.
Tremelimumab is a human IgG2 monoclonal antibody
against CTLA-4. Binding with CTLA-4 can prevent it from
binding with B7 ligand, thus inhibiting the decline of T cell
activity mediated by B7-CTLA-4. It can stimulate the immune
system and anti-tumor effect. CTLA-4 inhibitors can recognize
and eliminate tumor cells by enhancing the activity of antigen-
presenting cells and T lymphocytes. A phase II clinical
(Sangro et al, 2013) (NCT01008358) included
20 patients with advanced PLC. After Tremelimumab
treatment, ORR was 17.6%, DCR was 76.4%, mPFS was
6.48 months, mOS was 8.2 months, and viral load decreased.

study

At the same time, some studies have shown that CTLA-4
inhibitors can bring OS, PFES, DCR benefits to advanced
HCC. At the
Tremelimumab has anti hepatitis virus effect. It is believed

same time, studies have revealed that
that in the future, with the continuous exploration of relevant
phase III clinical studies, the application prospect of this
drug in the treatment of advanced HCC will be expansive,
which may bring longer survival hope to more patients with

advanced PLC.

Double immunity

The effect of single drug immunotherapy is limited in
patients with advanced HCC. Combined immunotherapy has
become a research hotspot in the treatment of advanced HCC.
Studies have shown that (Hellmann et al., 2016) the combination
of ICIs with different mechanisms of action could improve the
response rate and anti-tumor effect of patients. The combination
of CTLA-4 and PD-1/PD-L1 monoclonal antibody inhibitor
would raise the tumor response rate and generate the
synergistic effect. In 2017, the phase I clinical study of
Tremelimumab combined with Durvalumab in the treatment
of patients with advanced HCC (Kanikarla Marie et al., 2021)
illustrated that the ORR of Tremelimumab combined with
Durvalumab was 8% (25 vs. 17%) higher than that of
monotherapy, and the DCR of Tremelimumab combined with
16 weeks 67.5%. Subsequently, a
randomized, open, multicenter phase III trial (Abou-Alfa
et al, 2018) (NCT03298451) with more patient samples was
the

Durvalumab for was

conducted to study efficacy of Durvalumab +/-
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Tremelimumab compared with sorafenib in the treatment of
patients with advanced HCC. The trial expanded the sample
number, and 1200 patients were expected to be recruited. The
main end point was OS. In 2019, the American Society of Clinical
Oncology (ASCO) reported the results of the Checkmate-040
update study (He et al., 2020). In the Checkmate- 040 multi
cohort study, 148 patients with advanced HCC who failed to
receive sorafenib were included in this study. The results showed
that the total ORR was 31% and the duration of remission.
(DOR) was 4.6-30.5 months, OS also achieved good results.
At the same time, the meeting also reported the results of
combined treatment of Nivolumab, Ipilimumab and
Cabozantinib. The results indicated that the total ORR of
35 patients was 29%, the OS of 15 months was 70%, and the
3/4 grade of trail was 71%. Of course, a variety of clinical studies
on the combination of ICIs in the treatment of patients with

advanced HCC are in progress, which is worth to expect.

Immunosuppressant combined with
molecular targeted drugs

Molecular targeted drugs for PLC have been proved to have
anti -angiogenesis effect, which can affect the immune response
of PLC (Tian et al.,, 2017). In 2018, the ASCO reported a phase IB
clinical study of Atezolizumab combined with bevacizumab in
the first-line treatment of advanced HCC (Stein et al., 2018). The
results showed that 21 cases had an evaluable ORR of 62%, and
the effect was obvious. The results of the international
multicenter phase III clinical study (Finn et al, 2018)
(imbravel50) released at the ESMO meeting in 2019 further
confirmed that Atezolizumab combined with bevacizumab is a
new first-line regimen for the treatment of advanced HCC
superior to sorafenib. Atezolizumab combined with
bevacizumab significantly improved the overall survival of
advanced HCC. The 6-month mOS rate of the combination
group was 85%, the mOS did not reach, and the mPFS was
6.8 months; The 6-month mOS rate of sorafenib group was 72%,
the mOS was 13.2 months, the mPES was 4.3 months, the ORR of
combined group was 27%, and the ORR of sorafenib group was
12%. Studies have shown that (Ikeda et al., 2018) Lenvatinib
combined with PD-1/PD-L1 monoclonal antibody has a
synergistic effect, which can block PD-1 immune escape
pathway, and also inhibit monocytes to differentiate into
TAM related to immune escape. At the same time, Lenvatinib
would also inhibit the growth of tumor cells and TAM by
competitively inhibiting the combination of VEGF and
VEGFR. A phase IB clinical study was reported at the ASCO
meeting in 2019 (Kudo et al., 2021). The results showed that the
ORR of Avelumab combined with axitinib in the first-line
treatment of 22 patients with advanced HCC was 31.8%, and
the mOS was 12.7 months, while the ORR of single drug

Avelumab in the treatment of advanced HCC was 13.6%.
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ASCO conference in 2020 reported a phase IB clinical study
Keynote-524 (Finn et al., 2020). The study showed that the total
ORR of Lenvatinib combined with pembrolizumab in the
treatment of patients with advanced HCC was 46%, and the
mPFS and mOS were 9.3 and 22 months respectively. The main
elevated alanine

safety  aspects and

aminotransferase. The results showed that the efficacy and

were proteinuria
safety of Lenvatinib combined with ICIs were better than
monotherapy. It is worth further exploring in the treatment of
PLC by In 2020 ASCO
gastrointestinal conference, a phase IB clinical study of first-

combination drug therapy.
line treatment of advanced HCC with Nivolumab combined with
Lenvatinib was reported (Kudo et al., 2020). The preliminary
results indicated that mPFS was 7.39 months and ORR was
76.7%. The ASCO meeting in 2020 also reported a phase Ib/II
clinical study on the first-line treatment of patients with
advanced HCC with Panaprizumab (PD-1) combined with
Anlotinib (Jiao S. C. et al., 2020). A total of 22 patients were
included. The results showed that the total DCR was 84%, the
median OS was not reached, and the 6-month OS was 91.6%. The
data were satisfactory. At the same time, a phase III clinical study
of Lenvatinib combined with pembrolizumab is in progress. In
the second-line treatment clinical research, the phase I clinical
trial of Camrelizumab combined with Apatinib in the treatment
of patients with advanced HCC who failed to be treated by
sorafenib (Mei et al., 2021). The experimental group was treated
with Camrelizumab combined with Apatinib, Camrelizumab
200 mg, once every 2weeks, and the control group was
treated with single drug Apatinib. The clinical data proved the
clinical benefits of ORR, DCR, mPFS, etc. There are 6 related wall
reports in 2020 ESMO annual meeting, all of which are phase I/1I
studies. The drugs are selected in different scenario, including
first-line and second-line schemes, but the safety and
effectiveness are validated in all. The reported drug regimens
include: Apatinib combined with Camrelizumab, Lenvatinib
combined with CS1003, Sintilimab combined with Anlotinib,
etc (Xu et al, 2019; Xu et al., 2020; Chen et al, 2021).
Cabozantinib plus atezolizumab might be a treatment option
for select patients with advanced HCC (NCT03755791), mPFS
was 6:8 m (99% CI 5-6-8.3) in the combination treatment group
versus 4-2 m (2-8-7.0) in the sorafenib group (hazard ratio [HR]
0-63, 99% CI 0-44-0.91, p = 0-0012). mOS (interim analysis) was
15-4m (96% CI 13-7-17-7) in the combination treatment group
versus 15-5m (12:1-not estimable) in the sorafenib group (HR
0-90, 96% CI 0-69-1.18; p = 0-44) (Kelley et al., 2022).

Immunotherapy combined with
chemotherapy

In the past, the overall therapeutic effect of chemotherapy for
PLC is satisfactory.  Studies
chemotherapy boost the exposure of tumor cells to antigens,

not have confirmed that
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which is conducive to the immune effect of ICIs and enhance
anti-tumor efficacy. Studies have shown that domestic ICIs
combined with classical chemotherapy sometimes bring a
surprising curative effect. A multi-center phase II study on the
first-line treatment of advanced HCC with Camrelizumab
combined with FOLFOX4/GEMOX, 34 cases were evaluable,
the confirmed ORR was 26.5%, and the mDOR has not yet
reached, DCR was 79.4%; mPFS was 5.5 m. At the same time, the
tolerance and related adverse
acceptable (Qin et al, 2019),
immunochemotherapeutic is an

reactions of patients were
in other words, combined
optional choice for advanced
PLC patients. In addition, a randomized, open, national
multicenter phase II/III clinical trial of first-line treatment of
advanced HCC with Treprizumab combined with bevacizumab
analogue and FOLFOX4 regimen is expected.

Immunoneoadjuvant therapy

In 2020, the ASCO annual meeting published a research
report on neoadjuvant therapy. A total of 30 patients with
resectable PLC were enrolled in the study. Three cycles of
bevacizumab combined with Ipilimumab or bevacizumab
monotherapy were served for HCC before operation. After
surgical resection, the pathological complete remission rate
was 24% (3 cases in combination group, 2 cases in
monotherapy group), and the main pathological remission
rate was 16% (necrotic effect, 2 cases in combination group,
1 case in monotherapy group) (Yau et al, 2019a). In 2021,
ASCO-GI reported a study on neoadjuvant treatment of
borderline resectable or locally advanced HCC with Cabotinib
combined with navulizumab (Yau et al., 2020), and the results
showed that 12/15 achieved marginal negative resection, 5/12 of
the patients who had been operated successfully achieved
complete pathological response.

Adjuvant therapy

With the first-line, second-line and neoadjuvant treatment of
PLC have achieved gratifying outcome, the application of target
therapy in adjuvant treatment of PLC is also constantly in
exploration. For example, in June 2020, a multi-center study
explored the adjuvant effect of iodine Metoximab after radical
resection of PLC. 156 HCC patients with CD147 expression were
included in the study. Patients in the treatment group were
injected with iodine (Li et al, 2020) rituximab via hepatic
artery once 4-6 weeks after operation. Results of the 5-year
RFs time in the treatment group was significantly increased
compared with that in the blank control group (43.4%: 21.7%,
p = 0.0031), suggesting that the adjuvant regimen can improve
the prognosis of patients. The study suggests that patients with
PLC should consider on more accurate treatment protocols
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according to the classification of biomarker subgroup. At the
2020 ASCO annual meeting, the mid-term analysis results of a
multi-center, prospective cohort study (Lance study) on the
adjuvant therapy of Lenvatinib combined with transcatheter
arterial chemoembolization (TACE) (Gao et al., 2010)for
patients with HCC at high risk of recurrence after operation
were released. A total of 90 patients with high risk of recurrence
after radical surgery were enrolled in this study (macrovascular
or bile duct invasion/tumor rupture or invasion of adjacent
organs/grade II microvascular invasion with any of the
following: tumor number >3, maximum tumor diameter >
8cm, unclear tumor margin or incomplete capsule). The
results showed that the median disease-free survival (DFS)
time of patients in the combination group was significantly
longer than that in the TACE group (12.0 vs. 8.0 m, p < 0.05);
HR =0.5,p = 0.0359) (Kudo et al., 2019). These results verify that
the adjuvant therapy of Lenvatinib combined with TACE is not
only effective and safe, but also prolong the PFS of HCC patients
with high recurrence risk.

Transformation therapy

The real-world study of PD-1 combined with TKIs for the
treatment of PLC reported by Professor Sun Huichuan in
2020CSCO? in China shows that PD-1 combined with TKIs
could be applied into the treatment of PLC. In 60 patients with
advanced unresectable PLC, 11 patients were converted to
resectable after receiving PD-1 combined with TKIs. When
the data was published, 9 patients completed the operation,
5 of them achieved pathological complete remission, and the
estimated survival time was more than 1 year (Cheng et al., 2019).
2020 ESMO-Asia reported a prospective, non-randomized,
open cohort study (Zhu et al., 2021) of Professor Lu Shichun’s
team in Beijing 301 Hospital: the study of HCC transformation
therapy of TKIs combined with PD-1 inhibitor in the treatment
of vascular invasion. As of 20 May 2020, a total of 70 patients
were screened and 39 patients were included, of which
35 patients received combined treatment and 30 patients
with PVTT, there were 2 cases of venous tumor thrombus
and 3 cases of both. The criteria of successful transformation:
1. Child Pugh score <7; 2, ECOG PS<I; 3. There was no
extrahepatic lesion; 4. The hepatic vascular structure was
intact and FLR was sufficient. The results showed that the
median follow-up time was 7.2 months, no recurrence rate
was 60% 6 months after operation, OS and RFs were still
not to the end point, and the conversion and resection rate
was 30.3%. At the same time, Professor Huang Cheng of
Zhongshan Hospital in Shanghai, China, has also made some
explorations in this field. As of December 2020, 23 unresectable
HCC patients have been enrolled. After TKI combined with PD-1
antibody treatment, the tumor has been transformed and
resected.
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Immunotherapy combined with local
therapy

Previous studies (Marincola et al., 2000) have shown that
radiotherapy is closely related to immunotherapy. Radiotherapy
can affect the immune microenvironment of PLC cells and
stimulate the production of some inflammatory cytokines
(Presicce et al., 2009). Immunotherapy can also increase the
sensitivity of radiotherapy; At the same time, radiotherapy also
has the influence on immunosuppression. Radiotherapy can
promote the body to produce immune response, induce the
tumor cells to produce immunogenic death, and activate T
lymphocytes. It recognizes and kill tumor cells in and out of
the radiotherapy field, leading to the occurrence of the so-called
“distant effect” after radiotherapy of malignant tumors.
theory, with
immunotherapy would obtain better curative effect. Since the

Therefore, in radiotherapy ~ combined
Pacific study confirmed that immunotherapy consolidation
the

unresectable non-small cell lung cancer after concurrent

therapy can be wused as standard treatment for
chemoradiotherapy, the survival benefit of this kind of tumor
patients has been improved to a new height. So, what are the
clinical results of immunotherapy combined with radiotherapy
in the treatment of advanced HCC? PD-L1 expression level was
monitored after local radiotherapy in the experiment. The results
showed that radiotherapy combined with PD-L1 group had a
significant inhibitory effect on tumor growth. The 7-week
survival rates of combined treatment group, radiotherapy
group and PD-L1 group were 90, 30 and 0%, respectively.

In the aspect of immunotherapy combined with microwave
ablation of PLC, there is also preliminary theoretical evidence
that ablation of PLC can produce a large number of inflammatory
factors, a variety of immunogenic mediators and chemokines to
play an anti-tumor role (Zhang et al., 2017). At the same time,
ablation of PLC can increase the expression of HSP70, which may
be one of the important reasons for the enhancement of anti-
tumor immunity (Nikfarjam et al., 2005). Studies have shown
that CTLA-4 monoclonal antibody combined with thermal
ablation in the treatment of advanced PLC can significantly
reduce the viral load of patients with hepatitis BLC, down
regulate Treg cells in TME, increase the infiltration of
CD8+T cells in tumor site, and increase the survival rate of
patients with advanced PLC, the 6-month and 12-month DFS
rates were 57.1 and 33.1%, respectively (Duffy et al., 2017; Kudo
and Masatoshi, 2017).

The most important advantage of TACE in the treatment of
PLC is to effectively treat PLC and avoid liver injury. After TACE,
malignant tumor cells are lysed and necrotic, which can produce
a large number of highly immunogenic cell components, thus
initiating the related immune response (Zavadil et al., 2019).
Tremelimumab combined with TACE (NCT01853618) is
considered as an adjuvant therapy for advanced HCC. About
26% of the preliminary results show that it is partially effective. A
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phase III clinical study (NCT03778957) explored the efficacy of
TACE combined with bevacizumab and Durvalumab in patients
with locally advanced HCC. At the same time, another study
(NCT0281754) evaluated the efficacy of Durvalumab combined
with Tremelimumab (TACE/RAF/cryoablation) in the treatment
of advanced HCC. These clinical studies are in progress. In
general, the large-scale clinical research of ICIs combined with
local therapy for PLC has been or is in progress, which is worth
looking forward to.

In recent years, local arterial infusion chemotherapy (HAIC)
for PLC has achieved satisfactory results, and has become a “new
star” in the research of local treatment of PLC (Verhoef et al.,
2008). In 2020, Professor Shi Ming retrospectively analyzed the
efficacy and safety of Lenvatinib + Toripalimab + HAIC in
157 patients with advanced PLC (He et al, 2021b). The
results showed that the triple therapy group showed longer
PES (11.1 vs. 5.1 m, p < 0.001); Longer OS (less than: 11 m,
p < 0.001); And higher ORR (RECIST: 59.2%: 9.3%, p < 0.001);
mRECIST:67.6%:16.3%, p <0.001); The higher DCR rate
(RECIST or mRECIST: 90.1 vs. 72.1%, p = 0.005) (He et al,
2021a) indicated that HAIC combined with Lenvastinib and
Treprizumab could significantly improve the efficacy of
treatment on patients with advanced PLC. These studies
preliminarily show that HAIC has a remarkable effect in the
treatment of advanced PLC.

Challenge and thinking of
immunotherapy for liver cancer

ICIs have been widely used in the clinical treatment of
advanced HCC, and achieved excellent results. It has changed
the new pattern of systemic treatment of HCC. At present, the
combination therapy of immunosuppressive agents for HCC is
emerging in an endless stream. With the positive results of
clinical studies and the accelerated approval of FDA, the
combination therapy will become the mainstream of the
treatment of HCC in the future. However, with the progress
of clinical practice, there are many problems and challenges to be
solved in immunotherapy of HCC, such as the requirement of
exploration more effective combination modes, optimization of
the existing drug treatment sequence, development of new drug
and cell combination schemes, the choice of biomarkers, the
challenges of drug economy and safety, etc.

Effective biomarkers for predicting
efficacy

Although immunosuppressive agents for HCC have shown
very encouraging efficacy, they also face the challenge of drug
resistance. Therefore, it is very important to find effective
biomarkers in the evaluation. PD-L1 is a common biomarker
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of malignant tumor in clinic, but the clinical guiding value of PD-
L1 is different for different malignant tumors. Professor Pinato’s
study showed that the positive expression rate of PD-L1 in
(Pinato et al., 2019) PLC cells was less than 10%, while the
correlation between the positive expression of PD-L1 and the
efficacy of ICIs was not found in Keynote-224 and Checkmate-
040 studies (El-Khoueiry et al., 2017; Zhu et al., 2018). Whether
the expression of PD-L1 is related to the efficacy of PD-1/PD-
L1 monoclonal antibody in the treatment of advanced HCC is
still uncertain. Some clinical studies (Carbone et al., 2018;
2020) have shown that TMB is
independent predictor for evaluating the therapeutic effect of

Klempner et al, an
ICI for a variety of tumors, and TMB is positively correlated with
the efficacy of immunotherapy (Klempner et al., 2020). The
results of the clinical trial Keynote - 158 make the tumor
mutation load the second tumor associated diagnostic marker
approved for clinical application (Marabelle et al, 2020).
However, some studies have also shown that compared with
other malignant tumors, TMB is the second tumor associated
diagnostic marker approved for clinical application, the
expression level of tumor mutation load in HCC is not
significant, and its predictive value of curative effect is limited
(Yarchoan et al., 2017). Therefore, the predictive effect of TMB
on the curative effect and the determination of the cut-off value
still need to be further explored. In addition, mismatch repair
defects and microsatellite instability only occur in 2-3% of PLC
patients, and their application value in PLC is very limited. In
2019, ESMO reported the predictive value of neutrophil to
lymphocyte ratio (NLR) and platelet lymphocyte ratio (PLR)
in the treatment of PLC with Nivolumab. The results show that
the degree of lymphocyte infiltration in TME is closely related to
the heterogeneity of HCC.

There is a correlation regions with high tumor heterogeneity
have higher degree of immune infiltration and better response to
immunotherapy (Losic et al., 2020). Harding et al. (Harding et al.,
2019). Showed that patients with CTNNBI1 mutation had poor
response to PD-1 inhibitors, which may indicate the predictive
role of CTNNBI mutation in curative effect. Therefore, the
clinical value of PD-1, TMB, microsatellite instability and
other commonly used biomarkers in the treatment of PLC is
limited, and more research is needed to find more effective
biomarkers.

How to improve the combination therapy
strategy

In addition, the data of local treatment combined with
systemic treatment is still insufficient. All kinds of phase I/II
combination therapy show promising efficacy, but there is still a
lack of confirmed results of phase III study. Immunotherapy
combined with targeted therapy or double immunotherapy has a
high ORR, which also provides the possibility of transformation
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therapy for unresectable or borderline resectable PLC (Tarantino
and Curigliano, 2020). However, at present, there is no clinical
recommendation of the most effective combination mode. With
the continuous improvement of evidence-based medicine,
systematic treatment may participate in the whole process of
advanced PLC treatment. The specific combination therapy,
interventional therapy timing and dose course still need to be
further standardized and refined.

Real-world research status of ICls

At present, many large-scale clinical studies of ICIs in the
treatment of malignant tumors have achieved satisfactory results
(Mazdak et al., 2021), but in the real world, ICIs in the treatment
of HCC do not have such a convincing effect (Shintaro et al.,
2008). Randomized controlled trials (RCTs) are generally
accepted in the medical community to evaluate the safety and
effectiveness of drugs, but the inclusion and exclusion criteria of
RCTs are too strict. The results of the study are not completely
consistent with the real-world research, and it is also a difficult
problem to constantly select the dominant population for
refinement.

Progress of immunization

The research of ICI has brought a breakthrough in the field of
tumor research. Immunosuppresses can effectively inhibit tumor
growth and progress of disease e.g.HCC. However, immuno
hyperprogress is a tough topic to face. Champiat et al
(Champiat et al, 2017) proposed that the definition of the
super progress is that the time to treatment failure (TTF) is
less than 2 months, the tumor load increases by more than 50%,
and the progress pace (PP) increases more than twice as much as
the progress. The incidence of immune hyperevolution is about
4-30%, which may be related to the types of tumor. The
pathogenesis of immune hyperprogress is not clear. Some
studies have reported the potential clinical and biological
predictors of hyperprogress (Demets, 2013). The possible
predictors are over 65 years old, two or more metastasis sites,
gender, low expression of PD-L1, etc. Of course, the diagnosis
criteria of the super progress caused by immunotherapy needs
the involvement of histopathology.

How to transform “cold tumor” into “hot
tumor”

HCC is a special high immune type cancer, most of the
patients belong to the characteristics of “cold tumor immune
cycle”. Cold tumor is the tumor with no or little immune cell
infiltration around it (Galon and Bruni, 2019). Cold tumor
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with poor prognosis, is often the most difficult tumor to treat
while “hot tumor” is the opposite. The transformation of cold
tumor into thermal tumor is usually realized through the
combination therapy. Most of the cold tumors can be
transformed into thermotumor by direct infusion of
activated immune cells in vitro through the adoptive cell
therapy, and the immune effect ability can be enhanced. It can
also be transformed into thermotumor by combining
radiotherapy and chemotherapy and local treatment
(Gabriele et al.). At present, the understanding of “cold
and hot tumor” is not comprehensive, and the research on
the transformation of “cold tumor” is still a big challenge in

immunotherapy.

Security challenges

With the wide application of immunotherapy and the
acceptance of immunotherapy drugs in medical insurance, the
price of immunotherapy drugs has decreased significantly, and
the incidence of related adverse reactions has further increased,
such as immune myocarditis, immune pneumonia, immune
hepatitis, enteritis, etc. How to reduce the incidence of
immune related adverse reactions would be a giant challenge
in the near future (Lee et al., 2021).

Summary and prospect

At present, the treatment of PLC has entered the era of
immune 3.0, especially the application of ICIs has become the
most promising drug for the treatment of PLC. Although the
effect of single immunotherapy is accountable, the combined
immunotherapy shows us the new hope in the treatment of
PLC. In a number of studies, we have seen that the combined
immunotherapy has achieved the consequence of 1 + 1 > 2.
For example, the combination of Atezolizumab and
bevacizumab has achieved good results in both ORR and
PFS (Wallin et al., 2016). In the future, we will continue to
explore a variety of combination models based on
immunotherapy, such as the combination of immunity and
immunity, immunity combined with radiotherapy, immunity
combined with ablation, immunity combined with
chemotherapy and targeted drugs, immunity combined
with intervention, etc. Meanwhile, we also need to think

about how to combine treatment for patients with
different types and stages, which is a raising problem we
are facing. In the future, the drug resistance of

immunotherapy is bound to affect the curative effect of
PLC treatment. To study the drug resistance mechanism of
PLC and the corresponding new drugs needs our continuous
efforts and innovation, and further clinical research is
required to provide evidence-based medicine to choose the
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optimal scheme for the individualized treatment of PLC
patients.
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Immune-related gene risk score
predicting the effect of
Immunotherapy and prognosis in
bladder cancer patients

Yuantao Zou'?**, Gangjun Yuan®, Xingliang Tan*??,
Sihao Luo™??, Cong Yang'?#?, Yi Tang*?*, Yanjun Wang'** and
Kai Yao'?3*

Department of Urology, Sun Yat-sen University Cancer Center, Guangzhou, China, State Key
Laboratory of Oncology in Southern China, Guangzhou, China, *Collaborative Innovation Center of
Cancer Medicine, Guangzhou, China, “Department of Urology Oncological Surgery, Chongging
University Cancer Hospital, Chongging, China

Background: Immune checkpoint inhibitor therapy has changed the treatment
model of metastatic bladder cancer. However, only approximately 20% of
patients benefit from this therapy, and robust biomarkers to predict the
effect of immunotherapy are still lacking. In this study, we aimed to
investigate whether immune-related genes could be indicators for the
prognosis of bladder cancer patients and the effect of immunotherapy.

Methods: Based on bladder cancer dataset from the Cancer Genome Atlas (TCGA)
and GSE48075, 22 immune microenvironment-related cells were identified by
CIBERSORT. After performing a series of bioinformatic and machine learning
approaches, we identified distinct tumor microenvironment clusters and three
bladder cancer specific immune-related genes (EGFR, OAS1 and MST1R). Then, we
constructed immune-related gene risk score (IRGRS) by using the Cox regression
method and validated it with the IMvigor210 dataset.

Results: IRGRS-high patients had a worse overall survival than IRGRS-low
patients, which was consistent with the result in the IMvigor210 dataset.
Comprehensive analysis shows that patients with high IRGRS scores are
mainly enriched in basal/squamous type (Ba/Sq), and tumor metabolism-
related pathways are more Active, with higher TP53 and RB1 gene mutation
rates, lower CD4+/CD8+ T cell infiltration, higher MO macrophage infiltration,
and lower immunotherapy efficacy. In contrast, Patients with low IRGRS scores
are mainly enriched in the luminal papillary type (LumP), which is associated

Abbreviations: AUC, Area under curve; BLCA, Bladder cancer; CDF, Cumulative distribution function;
CIBERSORT, Cell-type Identification by Estimating Relative Subsets of RNA Transcripts; DEGs,
Diferentially expressed genes; GSEA, Gene set enrichment analysis; GSVA, Gene set variation
analysis; GO, Gene oncology; GEO, Gene Expression Omnibus; GS, Gene significance; IRGRS,
Immune related gene risk score; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, Least
absolute shrinkage and selection operator; MM, Module membership; OS, Overall survival; ROC, Area
under the curve; ssGSEA, single sample gene set enrichment analysis; TMB, Tumour mutation burden;
TCGA, The Cancer Genome Atlas; TPM, Transcripts per million; TOM, Topological overlap matrix;
WGCNA, Weighted gene coexpression network analysis.
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with the activation of IL-17 and TNF signaling pathways, higher mutation rates of
FGFR3 and CDKN1A genes, higher CD4+/CD8+ T cell infiltration content, and
The level of MO macrophage infiltration was relatively low, and the
immunotherapy was more probably effective.

Conclusion: Our study constructed an IRGRS for bladder cancer and clarified
the immune and molecular characteristics of IRGRS-defined subgroups of
bladder cancer to investigate the association between IRGRS and its
potential implications for prognosis and immunotherapy.
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IRGRS, bladder cancer, immunotherapy, microenvironemnt, prognosis

Introduction

Bladder cancer (BLCA) is one of the most prevalent urinary tract
malignancies, with an estimated 430,000 new cases and
165,000 deaths worldwide (Lenis et al, 2020). Immunotherapies
such as anti-PD-1/PD-L1 inhibitors have demonstrated substantial
antitumour activity in advanced and metastatic BLCA, although
cisplatin-based chemotherapy and radical cystectomy are still the
first-line treatments for muscle-invasive BLCA (Jordan and Meeks,
2019; Patel et al, 2020). However, patients with advanced or
metastatic BLCA ineligible for cisplatin only showed an objective
remission rate (ORR) of 23%, and the median OS was 15.9 months
after receiving the PD-L1 inhibitor atezolizumab as treatment in a
phase II trial (Balar et al, 2017). Although some advanced DNA
methylation based urinary assay could detect the early stage bladder
cancer leading to early treatment, the prognosis of bladder is still
unsatisfied (Chen et al., 2020). Besides, how to screen out patients
suitable for immunotherapy is still an urgent problem to be solved. At
present, the standard biomarkers for clinicians to select patients who
are eligible for immunotherapy are immunohistochemistry assays for
PD-L1 protein and tumour mutation burden (TMB), but some
studies have found conflicting results when using the two
biomarkers to predict immunotherapy response or overall survival.
Furthermore, many patients whose tumours have low or no
detectable PD-L1 expression can also benefit from immunotherapy
(Rosenberg et al., 2016). There was no significant association between
high TMB and the efficacy of immunotherapy in BLCA (Necchi et al,,
2018; Powles et al., 2019). Therefore, it is crucial to develop robust
predictive biomarkers to predict the effect of immunotherapy and the
prognosis of BLCA patients. Although there have been some studies
on the development of molecular markers for the efficacy of
immunotherapy (Zhang et al, 2021a; Cao et al, 2021), they did
not elucidate the mechanisms behind the molecular markers.

In this study, we analysed three BLCA transcriptomic
datasets from patient cohorts (GSE48075, TCGA-BLCA, and
IMvigor210). We used the GSE48075 and TCGA-BLCA datasets
as training sets to identify the hub genes related to the immune
microenvironment. Two computational algorithms, namely,
CIBERSORT and ESTIMATE, were used to analyse the
expression levels of 22 immune cell types and cancer-related
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fibroblasts to profile the immune landscape of bladder cancer.
Then, we divided patients into different subgroups and examined
the correlations of the subgroups with corresponding genomic
characteristics and clinical features. Finally, we constructed
IRGRS based on the expression of three immune-related
genes. The IRGRS was verified to be a robust prognostic
biomarker to predict the response to immune checkpoint
inhibitors and prognosis.

Materials and methods
Dataset and processing

The Bladder Cancer Dataset from TCGA was used in this study.
BLCA samples (n = 412) with both RNA sequencing (RNA-seq) data
and detailed follow-up information were included for further
analysis. RNA-seq data of 270 bladder samples (GSE48075) and
corresponding survival information were downloaded from the
Gene Expression Omnibus (GEO). IMvigor210 was a cohort in
which 195 muscle invasive bladder cancer (MIBC) patients were
treated with an anti-PD-L1 agent (atezolizumab) to evaluate the
effect of immunotherapy in locally advanced or metastatic urothelial
bladder cancer (Mariathasan et al.,, 2018). Genome, transcriptomic,
and clinical data can be downloaded from http://research-pub.gene.
com/IMvigor210CoreBiologies. We removed samples whose
survival data were not available and then carried out logarithmic
processing by the “voom” function of the R package “Limma”
(Ritchie et al,, 2015). All the RNA-seq datasets in the form of
fragments per kilobase of transcript per million mapped reads
(FPKM) values were converted into transcripts per million
(TPM) to make samples from TCGA and GEO more comparable.

Inference of immune infiltrating cells in
the tumour environment

To calculate the composition ratio of 22 tumour-infiltrating
immune cells in each cancer sample, CIBERSORT was utilized
based on the preset 547 barcode genes of the gene expression
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matrix (Newman et al., 2015). CIBERSORT is a deconvolution
algorithm to estimate immune cell type (including B cells, T cells,
natural killer cells, macrophages, DCs, and myeloid subsets)
proportions in data from tumour tissues with mixed cell types.

Unsupervised consensus clustering of
22 tumour-infiltrating immune cells

Unsupervised clustering methods were applied to identify
distinct immune patterns and to classify tumour samples for
further analysis based on 22 tumour-infiltrating immune cell
expression matrices. The R package “ConsensusClusterPlus” was
used to perform the above procedure, and 1000 rounds were
repeated to guarantee the robustness of classification (Wilkerson
and Hayes, 2010). A consensus heatmap was mapped for each

sequence of cluster numbers (k = 2, 3, 4, 5, ), and a

progression graph and corresponding cumulative distribution
function (CDF) were generated to determine the optimal cluster

number.

Identification of differentially expressed
genes associated with immune subtypes

We classified patients into four distinct immune patterns by
unsupervised consensus clustering to identify immune-related
genes. The R package “Limma” was utilized to determine DEGs
among the 4 immune subtypes (Ritchie et al., 2015). The criterion
for selecting significant DEGs was an adjusted p value < 0.01.

Construction of immune-related genes
score

DEGs among all immune clusters were identified, and a
union set of genes was extracted. First, we adopted an
unsupervised clustering method based on all DEGs to classify
patients into several groups for deeper analysis. Then, we defined
the optimal number of gene clusters to perform weighted gene
coexpression network analysis (WGCNA) to select the related
modules of the gene cluster (Langfelder and Horvath, 2008). The
“WGCNA” package in R software was used to construct an
adjacency matrix with a soft threshold of = 5, which was then
transformed into a topological overlap matrix (TOM). The
corresponding dissimilarity (1-TOM) was calculated as the
distance to cluster genes. Then, we built a dynamic pruning
tree to identify the related modules. Five modules were identified
after setting the merging threshold function at 0.25. Gene
significance (GS) and module membership (MM) were
calculated for intramodular analysis to select the hub genes.
GS is an absolute value to quantify the correlation between a
specific gene and its phenotypic trait. MM shows the correlation
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between the gene and a given module. Hub genes were screened
out by setting the cut-off criteria of GS > 0.01 and MM > 0.01.
Then, we conducted K-M survival analysis to choose the genes
associated with overall survival based on the expression value and
clinical data of the hub gene. Then, a univariate Cox regression
model was used to perform the prognostic analysis for genes
selected after survival analysis. We utilized the least absolute
shrinkage and selection operator (LASSO) to precisely predict the
outcome of hub genes in BLCA patients. The IRGRS was then
constructed by using the coefficients obtained by the
LASSO-Cox algorithm, and the IRGRS was calculated by the
sum of all gene expression levels multiplied by their
corresponding coefficients.

Immune characteristics and molecular
biological differences between the high-
IRGRS and low-IRGRS groups

According to the median value of the IRGRS in the training
dataset, we separated the samples into two groups: the high
IRGRS group and the low IRGRS group. To elucidate the
underlying biological mechanism in different IRGRS groups,
we used gene set enrichment analysis (GSEA), gene ontology
(GO), and the Kyoto Encyclopedia of Genes and Genomes
(KEGG) method with the clusterProfiler package of R (p <
0.05 and FDR<0.25) (Yu et al, 2012). Then we performed
GSEA  (ssGSEA)
representative gene sets with the GSVA (Gene Set Variation

single  sample analysis on several
Analysis) package of R (Hénzelmann et al., 2013). In addition, to
further identify the differences in biological pathways between
the high-IRGRS and low-IRGRS groups, GSVA enrichment
analysis was conducted by using the “GSVA” package. GSVA
is a method based on a nonparametric and unsupervised method
to estimate the variation in pathway and biological process
activity in the samples. We downloaded the gene sets of
“c2.cp. kegg.v6.2.symbols” from the MsigDB database for
GSVA. An adjusted p value less than 0.05 was regarded as

statistically significant.

Statistical analysis

The statistical significance of the mean value of variables
between two groups was estimated by unpaired Student’s t tests.
Correlation coefficients were computed using Spearman’s and
distance correlation analyses. Spearman and distance correlation
analyses were used to compute the correlation coefficients
between each kind of TME
Difference comparisons of three or more groups were
conducted by one-way ANOVA and Kruskal-Wallis tests
2017).
between the IRGRS and patient survival, we divided patients

infiltrating immune cell.

(Robertson et al., To determine the correlation
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BLCA cancers’ Tumor-infiltrating immune cells from gene-expression
rofiling datasets.
(TCGA-BLCA, GSE41613, IMvigor 210)

TME cluster A
TME cluster B
[ TME cluster C
ITME cluster D

Consensus clustering algorithm for immune cells infiltrating patterns

‘ Identify differently expressed genes(DEG) between TME cluster |

Consensus clustering algorithm of DEGs to
classify patients in TCGA cohort into two groups

l

‘ Identify hub genes associated with Gene cluster by WGCNA |

Gene cluster A
Gene cluster B

Select genes associated with prognosis by survival analysis
and Univariate Cox analysis

FIGURE 1
Overview of workflow about the study design.

into high- and low-IRGRS groups based on the median IRGRS
value in the training group. The Kaplan-Meier method and log-
rank tests were utilized to identify the significance of differences
in the survival curves for the prognostic analysis. A univariate
Cox regression model was adopted to compute the hazard ratios
(HRs) in the process of selecting the hub genes. A multivariable
Cox regression model was constructed to ascertain the
independent prognostic factors. We assessed the specificity
IRGRS by
characteristic (ROC) curve analysis and quantified the area
under the curve (AUC) with the time ROC package. We used
the maftools package to present the mutation landscape in
patients with high and low IRGRS subtypes in the TCGA-
BLCA cohort. All statistical p values were two-sided, with p <
0.05 indicating statistical significance. All data processing was
done with R 4.0.2 software.

and sensitivity of the receiver operating

Results

Landscape of the tumour
microenvironment of BLCA

The workflow of how we constructed TME cell-infiltrating
patterns and the IRGRS was systematically evaluated (Figure 1).
The R package “ConsensusClusterPlus” was used to classify
patients with different immune microenvironment patterns
based on the amount of 22 tumour-infiltrated immune cells,
and four distinct patterns termed TME clusters A, B, C, and D
were recognized as the optimal cluster number after we evaluated
clustering stability (Supplementary Figure S1C). The 22 tumour-
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select genes by lasso-cox regression analysis to construct immune-
related gene prognostic score

IRGRS=EGFR*0.228279845567824)+0AS1*
(-0.264868237274861)+MST1R*(-0.167523923476614)

explore the relationship between IRGRS and its relevent biological
characteristic

| explore the prognostic value of IRGRS in training dataset l

explore the relationship between IRGRS and bladder cancer
consensus subtype

validate the value of IRGRS in predicting the effect of
immunotherapy and prognosis in IMvigor210

infiltrated immune cell networks portrayed a comprehensive
landscape of interactions and their impacts on the overall
with  bladder 24
S1). TME revealed a
particularly prominent survival advantage, and TME cluster C

survival of patients cancer (Figure

Supplementary Table cluster B
showed the worst prognosis compared with that of the other
three TME clusters (log-rank test, p < 0.01; Figure 2B). Taken
together, we can conclude that crosstalk plays roles among
different immune cells in the process of classifying distinct
patterns. Then, we visualized the immune microenvironment
of the four subtypes in a heatmap (Figure 2C), from which we
could see that TME cluster A was characterized by high
expression of CD4 memory activated T cells. TME cluster B
was characterized by high expression of CD8" T cells and CD4*
memory activated T cells. TME cluster C was characterized by
high expression of resting mast cells. TME cluster D was
characterized by high expression of MO macrophages. A violin
plot (Figure 2D) showed that TME cluster B had significantly
higher PD-LI expression than that of the other three TME
clusters, and TME cluster C had the lowest PD-L1 expression
among the four TME clusters. Except for TME clusters A and D,
there were significant differences in the expression of PD-L1
between any two other groups.

Construction of the TME signature and
functional annotation

To investigate the potential biological characteristics of each

immune subtype, unsupervised analysis of DEGs gathered
between each pattern was used to identify optimal genomic
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cluster A, orange; cell cluster B, blue; cell cluster C, red; cell cluster D, brown.The size of each cell represents survival impact of each TME cell type,
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with blue and positive correlation with red. (B). Kaplan—Meier curves for overall survival (OS) of 241 bladder cancer patients from training cohorts
(TCGA + GSE48075) with the TME infifiltration clusters. The numbers of patients in TMEcluster-A, -B, -C,and-D phenotypesaren =79,n =83,n =28,
n = 51 respectively. Log-rank test shows overall p < 0.01. (C). Heatmap of 22 TME cells and ImmuneScore for 249 patients in the training cohort. (D).
Comparison of the PD-L1 among four TME subtypes in the training cohort.*p < 0.05, **p < 0.01, ***p < 0.001.

subtypes. Two gene clusters were recognized as the most suitable
method to separate the training cohort population into 2 distant
patient clusters (Supplementary Figure S2A), termed gene cluster
A and gene cluster B. To obtain the gene cluster-related hub
genes, WGCNA was carried out on all genes in gene clusters.
Module membership (MM) is an index to measure the
correlation between the gene and a given module (Langfelder
and Horvath, 2008). Gene significance (GS) represents the
correlation between the specific gene and gene cluster.
Selected genes and their corresponding modules are shown in
a heatmap (Figure 3A). We used a topological overlap matrix
(TOM) to cluster all selected genes by dissimilarity measure
based on the dynamic tree cut algorithm to divide the tree into
five modules (Figure 3B) labelled with different colours. The
results showed that the highest positive correlation coefficient
between GS for the gene cluster and MM was in the green module
(correlation coefficient = 0.77, p value = 9e-9), and the lowest
negative correlation was in the blue module (correlation
coefficient = —0.61, p value = 2e-56) (Figure 3B). The criteria
for selecting the hub gene were MM > 0.01 and GS > 0.01.
Among them, a total of 86 hub genes were identified in the green
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module (Supplementary Table S2), and 48 hub genes were
identified in the blue module (Supplementary Table S3). To
determine the independent prognostic genes, univariate Cox
regression analysis and K-M survival analysis for OS were
performed among the 134 hub genes in the blue and green
modules. Twenty-one genes were determined by the selection
criteria of Cox p value < 0.05 and K-M value < 0.05
(Supplementary Table S4). In order to solve the problem of
overfitting of variables, we performed lasso-cox regression to
remove 8 genes causing multicollinearity, and obtained 14 genes
for subsequent analysis (Figures 3C,D). According to the results
of the multivariate Cox hazard model, EGFR (p < 0.05), OAS1
(p < 0.01), and MSTIR (p < 0.01) were significantly related to
overall survival in BLCA patients (Figure 3E). Then, we
constructed a prognostic index for all cancer samples
calculated by the formula IRGRS = expression level of
EGFR*0.228279845567824 + expression level of OASI*(-
0.264868237274861)+expression level of MST1R*(-
0.167523923476614). We used the median IRGRS as the cut-
off value, and high-IRGRS patients had a worse OS than low-
IRGRS patients (p < 0.0001, log-rank test; Figure 3F).
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Molecular characteristics and functional
enrichment analysis in different IRGRS
subgroups

Then we investigated somatic mutation differences between
the high- and low-IRGRS groups to further elucidate the
biological mechanism of IRGRS. The two groups'mutation
landscapes are depicted in Figure 4A and Figure 4B. We listed
the top 20 genes with the highest mutation rates in the IRGRS
subgroups and found that missense variations were the most
common mutation type in both types. The mutation rates of
TTN, TP53, MUCI16, ARID1A, PIK3CA, KMT2D, NOTCHI,
and SYNEI were higher than 15% in both groups. The mutation
rate of the TP53 and RB1 genes in the high-IRGRS subgroup was
higher than that in the low-IRGRS subgroup. We determined the
DEGs to further investigate the underlying biological behaviour
of IRGRS by using the limma package (Ritchie et al., 2015), GO,
KEGG, GSEA, GSVA, and ssGSEA were performed by The
clusterProfiler package (Yu et al, 2012) and GSVA package
(Huang et al., 2021) for the DEGs between the high-IRGRS
group and the low-IRGRS group. We conducted GO and KEGG
pathway enrichment analyses to explore the functional
characteristics of the DEGs. In the GO functional enrichment
analysis, the top 10 enriched biological processes were
“extracellular matrix organization”, “extracellular structure
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organization”, “axonogenesis’, “connective tissue

development”,  “ossification”,  “cell-substrate  adhesion”,
“skeletal system morphogenesis”, “cartilage development”,
“sulfur
metabolic process” (Figure 4C). Based on DEGs from the
IRGRS, we performed GSVA to explore the biological

behaviour differences between the IRGRS subgroups. We

“neuron  projection guidance” and compound

found that the low IRGRS subgroup was markedly enriched
in drug metabolism, steroid hormone biosynthesis, and retinol
metabolism. The high-IRGRS subgroup presented enrichment in
the cell cycle, gap junctions and regulation of the actin
cytoskeleton (Figure 4D).

We performed GSEA to identify the corresponding gene sets
enriched in different IRGRS subgroups. The top five significantly
enriched pathways in the high- and low-IRGRS groups are
shown in Figures 5A,B. Genes in the low IRGRS groups were

»

mostly enriched in “cell cycle”, “ECM-receptor interaction”, “IL-
17 signalling pathway”, “protein digestion and absorption” and
“TINF signalling pathway”. These factors are tightly associated
with the immune response. Genes in the high-IRGRS group were
mostly enriched in pathways related to chemical carcinogenesis
and metabolism. Detailed results of the GSEA are listed in
Supplementary Table S5. To evaluate how IRGRS reflects the
cell type in the tumour immune microenvironment, the

ESTIMATE and CIBERSORT algorithms were applied to
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Molecular characteristic and functional enrichment analysis between high and low IRGRS groups. (A). The waterfall plot of tumor somatic
mutation established by those with low IRGRS groups, Mutated genes (rows, top 20) are ordered by mutation rate; Each column represented
individual patients. The upper barplot showed the overall number of mutations. The right barplot showed the percentage of each variant type and the
mutation frequency of each gene. The color coding indicates the mutation type. (B). The waterfall plot of tumor somatic mutation established

by those with high IRGRS group. (C). The GO terms are defined as indicated color bars at the bottom and shown on the right of chord diagram, the
involved genes are listed on the left. The genes associated ten significant signaling pathways. (D). Heatmap by GSVA analysis between high and low
IRGRS group.The upper barplot showed the IRGRS defined subgroups (high-IRGRS and low-IRGRS) and the origin of dataset (TCGA and IMvigor210).
The rows of the heatmap showed the activation of corresponding pathways.

compute the infiltration of immune cells in BLCA. Differentially
infiltrated cells between the low- and high-IRGRS groups are
presented in Figures 5C-F. We observed that the high-IRGRS
group had lower levels of immune cells (including CD8" T cell
infiltration, CD4" memory-activated T cells, and follicular helper
T cells). Conversely, the level of MO macrophages was higher in
the high-IRGRS group than that in the low-IRGRS group. In the
ssGSEA  analysis(Figure ~ 5G),  many
cells(including activated B cells, activited CD4" T cells,
immature B cell and so on) showed a higher amount in high-
IRGRS group than that in low-IRGRS group. KEGG pathway
analysis revealed the significant pathways between high and low
IRGRS groups (Figure 5H).

immune-related

Relationship between IRGRS grouping and
other immune and molecular subtypes

A consensus molecular classification subtype can describe the
landscape of bladder cancer according to the RNA-sequence data
and can be summarized as six molecular subtypes, namely, Ba/Sq,
LumNS, LumP, LumU, stroma-rich, and NE-like (Kamoun et al.,
2020), which is a classification system based on six published
classification systems. Then, we focused on the distribution of
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different molecular subtypes in the IRGRS groups. Because the
number of NE-like samples was below 10, we did not include it in
our analysis. In our study, the low-IRGRS subgroup comprised
26% Ba/Sq samples, 2% LumNS samples, 48% LumP samples,
14% LumU samples, and 9% stroma-rich subtype samples, while
the high-IRGRS subgroup comprised 51% Ba/Sq samples, 8%
LumNS samples, 16% LumP samples, 12% LumU samples, and
13% stroma-rich subtype samples (Figure 6A). We found that the
Ba/Sq and LumP subtypes accounted for a large proportion of all
samples from the TCGA database. There were more LumP
samples in the low-IRGRS subgroup than in the high-IRGRS
subgroup (p < 0.01). The violin plot (Figure 6B) shows the
different molecular classifications and their corresponding
IRGRS. The Ba/Sq subgroup was markedly associated with a
higher IRGRS than the LumP and LumU subtypes. The LumP
subgroup was associated with a lower IRGRS than the LumU and
stroma-rich subtypes. Several genes (such as FGFR3, TP53, and
RB1) have been identified as being vital for the characterization
of each consensus class (Kamoun et al., 2020). Therefore, we
analysed the relationship between the IRGRS and the mutation
status of the three genes mentioned (Figures 6C-E). The IRGRS
of p53-mutated samples was higher than that of p53 wild-type
samples (p < 0.01). Conversely, in the FGFR3 gene, FGFR3-
mutated samples had lower IRGRS values than FGFR3 wild-type
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FIGURE 5

Difference in tumor infiltrated immune cells between high and low IRGRS groups. (A). high score pathways enriched by GSEA analysis between

high and low IRGRS groups. (B). low score pathways enriched by GSEA analysis between high and low IRGRS groups. (C—F). different kinds of T cells in
tumor environment expressed diffrently between high and low IRGRS groups. (G). tumor infiltrated immune cells analysed by ssGSEA analysis
between high and low IRGRS groups. (H). KEGG analysis of DEGs between high and low IRGRS groups.

samples. However, there was no significant difference in IRGRS
levels between RB1-mutated samples and wild-type samples. We
evaluated the survival prediction ability of IRGRS in TCGA-
BLCA datasets by using time-dependent ROC analysis. We
found that the AUCs for the IRGRS were 0.66, 0.71, and
0.69 at 1, 3 and 5 years, respectively (Figure 6F).

The benefit of immunotherapy in different
IRGRS subgroups

We then explored the potential clinical efficacy of IRGRS in
predicting the effect of immunotherapy based on the
IMvigor210 dataset. All samples were classified into immune-
desert, immune-excluded and immune-inflamed phenotypes.
The immune-desert phenotype was characterized by the
suppression of immunity. The immune-excluded phenotype
was characterized by innate immune cell infiltration and
stromal activation. The immune-inflamed phenotype was
characterized by adaptive immune cell infiltration and
immune activation. In our results, the immune-excluded
phenotype had a higher IRGRS than those of the other two
subgroups, implying that high-IRGRS patients could benefit less
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from immunotherapy than low-IRGRS patients (Figure 7A).
Then, we evaluated whether the IRGRS could predict patients’
response to immune checkpoint blockade therapy based on
IMvigor210 cohorts. Survival analysis (Figure 7B) showed that
high-IRGRS patients had worse OS than low-IRGRS patients,
which was consistent with the results of the training datasets. We
included Ba/Sq, LumNS, LumP, LumU four subgroups into our
survival analysis. Patients with a low IRGRS exhibited a greater
clinical response to anti-PD-1/L1 immunotherapy than those
with a high IRGRS (Figure 7C). We could find from Figure 7D
that there were more Ba/Sq samples and fewer Lump samples in
the high-IRGRS subgroup than in the low-IRGRS subgroup (p <
0.001, x2 test). The result of which was consistent with training
dataset from TCGA + GSE48075. Given that the immune cell(IC)
level, tumor cell(TC) level, immune phenotype, consensus
subtype had been shown to be highly predictive of the
response to immune therapy (Tsao et al., 2018; Kamoun et al,,
2020; Hornburg et al., 2021), we speculated that they might
function as synergistic factors in predicting the response to
immunotherapy. Therefore, a nomogram was developed to
include all factors above to offer a quantitative approach for
predicting the effect of immunotherapy. The nomogram was
constructed in the IMvigor210 cohort and the corresponding
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Relationship between molecular classification and IRGRS (A). Heatmap and table showing the distribution of bladder cancer consensus
molecular subtypes between the IRGRS and subgroups in TCGA dataset. (B). Five bladder cancer molecular subtypes and their corresponding IRGRS.
(C). Comparison of IRGRS between the FGFR3 mutated groups and FGFR3 wild type groups.M = mutated, WT = wild type. (D). Comparison of IRGRS
between the TP53 mutated groups and TP53 wild type groups. (E) Comparison of IRGRS between the RB1 mutated groups and RB1 wild type
groups. (F). Time dependent ROC curve analysis of survival prediction by the IRGRS.

calibration curve was constructed (Figure 7E). To find a
relationship between IRGRS and bladder cancer immune
landscape, we portray the IRGRS-defined subgroups to
contrast the IRGRS-defined subgroups with IC, TC and
immunotherapy responsein (Figure 7F). Consistent with the
importance of TMB, we observed that the low-IRGRS subtype
was significantly enriched for response of immunotherapy.

Discussion

Increasing evidence suggests that the tumour immune
microenvironment plays an important role in innate
immunity well antitumour effects through

as as

interactions between immune cells and tumour cells
(Binnewies et al., 2018). Based on the mechanism of
immune evasion,

immunotherapy has proven to be

effective for patients unsuitable or recurrent after
cisplatin-based treatment. However, only a few patients
can benefit from immunotherapy (Ott et al, 2020).
Biomarkers including PD-1 expression, PD-L1 expression,
tumour mutation burden and MSI status are not efficient for
predicting the benefits of immune checkpoint blockade
(Subrahmanyam et al., 2018; Ganesh et al., 2019; Jardim
etal., 2021). In addition, the clinical prognosis heterogeneity
of BLCA reveals that immune-relevant subtypes may exist

between BLCA samples in the same clinical stage. This
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situation highlights the urgent need to develop a robust

biomarker and  subgroup analysis for  guiding
immunotherapy in BLCA.

In our study, based on 22 tumour-infiltrated immune cell
lines, we identified four distinct tumour microenvironment
patterns. These four patterns had significantly different
tumour-related immune cell characteristics. Cluster A was
characterized by a low expression level of CD8" T cells and a
high level of resting memory CD4" T cells. In contrast, cluster B
displayed more CD8" T cells and less resting memory CD4"
T cells. Cluster C showed a higher resting mast cell quantity than
those of the other clusters. Cluster D was characterized by a high
level of MO macrophages. Each TME cluster showed unique
features with respect to the tumour-infiltrated immune
microenvironment. In many previous studies, only the results
from the transcriptome profile and enriched pathways associated
with immunity were considered. However, in our study, to
identify the underlying mechanism and hub genes connected
with the TME clusters, we conducted several computational
algorithms to construct an IRGRS system. The IRGRS is
the

immunotherapy of bladder cancer, with better survival in low-

proven to be a robust biomarker for guiding
IRGRS patients and worse survival in high-IRGRS patients in
both training and validation cohorts.

The IRGRS consists of three genes: EGFR, OASI, and
MSTIR. Epidermal growth factor receptor (EGFR) is widely

recognized because it is of great importance in many kinds of

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1011390

Zou et al.

IRGRS

p=0041

10.3389/fgene.2022.1011390

ORR

I oo

TTI34567 800N NGB RNRNRANE

Time(months)

immane phenatype

LT TETETY

o
IRGRS.

10-BLCA pati

B T -+
M i R

subtype group (n=168)

IRGRS-low
(n=57)

9(16%) 12%) 30(83%)  1M(19%)  6(11%)

IRGRS~high

T |
T aswen awm n00%)  1504%) ‘m)‘l‘

0.001

= IRGRS-low = IRGRS-high

|
|
i
t
i
[ ———

FIGURE 7

e
e
i I "(l.‘ll '\‘vll' ‘l‘ \'\”h 3 l‘ i

IHI!'! WAL

1;1!“ni| L

il mu "ix W"

bl ] e

The role of IRGRS in predicting the effect of immunotherapy of bladder cancer. (A). Comparison of the IRGRS of differentimmune phenotype in
bladder cancer. (B). Survival analysis of immunotherapy gene set in diferent IRGRS groups (high-IRGRS and low-IRGRS). (C). The proportions of
clinical response (CR/PR, SD/PD) after accepting immunotherapy in the high-IRGRS and low-IRGRS groups in IMgivor210 dataset (D). Heatmap and
table showing the distribution of bladder cancer consensus molecular subtypes between the IRGRS and subgroups in IMgivor210 dataset. (E)
Nomogram and corresponding calibration curve for predicting survival probability in the validation cohort. (F). Heatmap representing evaluated
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cancers (Ganesh et al., 2019; Zeng et al., 2020). Mutations and
amplification in its exon region have been identified to be driving
events in many cancer types. The protein encoded by EGFR is a
receptor for members of the epidermal growth factor family.
Many research and drug development efforts have been
prompted by its role in non-small-cell lung cancer (Harrison
et al., 2020), basal-like breast cancers (Gonzalez-Conchas et al.,
2018) and glioblastoma (Eskilsson et al., 2018). Tyrosine kinase
inhibitors such as gefitinib and erlotinib have shown efficacy in
tumours with EGFR exon amplification. However, some studies
revealed that patients diagnosed with EGFR-mutated non-small-
cell lung cancer could draw limited benefit from immunotherapy
(Proto et al., 2019). These results suggest that the EGFR gene is a
vital factor influencing whether immunotherapy can exert a
EGFR has been

in the basal/

six molecular

positive effect in patients. In addition,

identified as an oncogenetic mechanism
(Ba/Sq) subtype the
classification subtypes (Kamoun et al., 2020). Oligodenylated
synthase 1 (OAS]1) is a protein encoded by OASI1 that results in

RNA degradation and the inhibition of viral replication; it has

squamous among
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been included in several prognostic signatures and has been
found to be a robust biomarker to predict the effect of
2020; 2021).
Macrophage stimulating 1 receptor (MSTIR) is a gene that

immunotherapy (Luo et al, Jin et al,
encodes a cell surface receptor for macrophage-stimulating
protein with tyrosine kinase activity. Studies have found that
suppression of MST1R expression results in reduced pancreatic
tumour size, changes in macrophage polarization and enhanced
T-cell infiltration (Braun et al., 2018; Tan et al., 2019).

Then, we studied the gene mutations of different IRGRS

subgroups to uncover the underlying immunologic
mechanism. The most common gene mutations in both the
high-IRGRS and low-IRGRS samples were missense

variations. However, for some other mutation types, such
as nonsense mutations and frameshift mutations, there was
quite a difference between the different IRGRS groups.
TP53 mutation was the most differentially expressed gene
in the top 20 mutated genes between high-IRGRS and low-
IRGRS samples. TP53 mutation is one the most common
mutation types in many kinds of cancer and can lead to poor
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outcomes (Vousden and Prives, 2005; Olivier et al., 2006).
TP53 can regulate the p53/TGFp signalling pathway, which
has an influence on tumour cell proliferation by the cell cycle.
In addition, there was a higher rate of RB1 mutation in the
high-IRGRS than the  low-IRGRS
subgroup. RB1 was the first tumour suppressor gene found,

subgroup in
and the protein encoded by RB1 is a negative regulator of the
cell cycle. Therefore, high-IRGRS patients with high TP53 and
RBI mutation burdens have a worse outcome than low-IRGRS
patients with low TP53 and RB1 mutation burdens, in
agreement with our survival results. GO, GSVA, and GSEA
analyses between the high and low IRGRS groups suggest that
apart from activated immune-related pathways, there are also
many other mechanisms in the tumour immune
microenvironment.

Several molecular classifications have been reported in the
development of a more precise patient stratification (Choi et al.,
2014; Robertson et al., 2018; Tan et al., 2019). However, even the
consensus classification system of subtypes has not translated
universally into clinical trials or clinical applications (Kamoun
et al., 2020). Thus, we analysed the association between the
IRGRS and the consensus classification system (LumP, LumU,
stroma-rich, LumNS, and Ba/Sq). Each consensus class has
distinct  differentiation patterns, oncogenic mechanisms,
tumour microenvironments, and histological and clinical
associations.For example, the tumor driving mechanism of the
Lump subtype is mainly related to the overexpression of FGFR3,
and the Ba/Sq subtype is mainly related to the overexpression of
EGFR.In addition, the mutation spectrum of different molecular
subtypes is also different. For example, the mutation rate of the
RBI gene in the Ba/Sq subtype is significantly higher than that of
other subtypes, and the KDM6A gene has the highest mutation
rate in the Lump subtype. We found that more than half of the
high-IRGRS samples were distributed in the Ba/Sq classification,
and nearly half of the low-IRGRS samples were enriched in the
LumP classification. The Ba/Sq subtype was identified to be more
sensitive to immunotherapy than the other subtypes (Kamoun
2020),
FGFR3 mutation has been recognized as one of the oncogenic
mechanisms in the development of the LumP subtype of MIBC
(Robertson et al., 2017). We also revealed that the IRGRS
correlated with FGFR3 mutation in our study. FGFR3-targeted

therapy may be an encouraging choice for low-IRGRS tumours,

et al, which was consistent with our results.

especially in the LumP subtype of MIBC. Molecular classification
of bladder cancer showed tumour biological heterogeneity, which
could provide an innovative approach to improving therapeutic
effectiveness. When we combined the IRGRS with a molecular
classification system, we could classify MIBC subgroups and
guide personalized antitumour therapies more precisely.
Prospective clinical trials need to be performed to certify the
therapy-related predictive value of the IRGRS, and certain
therapies need more investigation through in vitro or in vivo
experiments.
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Then, we confirmed the effect of the IRGRS in predicting
the efficacy of immunotherapy based the
IMvigor210 dataset. We found different immune
microenvironment-related cells between the high and low

on

IRGRS groups, which might partly explain the different
responses to immunotherapy between the two groups.
Integration with 3 immune-related subtypes (immune
desert, immune exclusion, and immune inflamed) allowed
IRGRS grouping to distinguish different immune subtypes of
BLCA. Unfortunately, there were no significant differences
between the immune-desert and immune-excluded groups,
which may be because the number of samples in the
IMvigor210 dataset was not large enough. It has been
recognized that the effective rate of immunotherapy for
PD-L1 positive bladder cancer patients is only about 20%,
which suggests the limitation of PD-L1 as an indicator. While
with IRGRS, the of
immunotherapy can reach 32%. This further demonstrates

in patients low effectiveness
the superiority of the IRGRS. More importantly, our study
has developed several new insights for bladder cancer
immunotherapy that target the IRGRS phenotype and
By the IRGRS

molecular classification, we might select patients who are

immune phenotype. combining and
suitable for immunotherapy more accurately. Further
reversing the adverse TME cell infiltration may contribute
to exploiting the development of novel drug combination
strategies or novel immunotherapeutic agents in the future.
Moreover, the patients in the high-IRGRS group had a
shorter follow-up time than those in the low-IRGRS
group. Several of this study should be
considered. First, Recent studies suggested that OICR-
9429 and HSF1 played important roles in regulating the
of bladder They
conducted in-depth study about how the two genes work
(Zhang et al., 2021b; Huang et al., 2022). Although we have

reviewed the roles of the three genes that construct IRGRS in

limitations

tumor microenvironment cancer.

tumors, the underlying molecular mechanisms require
further exploration of in vivo and in vitro functional
experiments. Second, our study is a bioinformatics
analysis based on public databases and lacks validation of

independent clinical cohorts.

Conclusion

By applying a series of bioinformatics methods, we
constructed IRGRS that could accurately predict the effect
of immunotherapy and prognosis in bladder cancer. In
addition, when we conbined IRGRS with bladder cancer
consensus classification system, we could improve the
robustness of prediction. However, further prospective
clinical studies are needed to verify the absoluteness of
our conclusion.
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Background: Despite the progress in early diagnosis and treatment, prognosis
of pancreatic adenocarcinoma (PAAD) is still poor. Basic leucine zipper and
W2 domain-containing protein 1 (BZW1) and protein 2 (BZW2) are attached to
the basic leucine zipper (bZIP) superfamily. Recently, BZW1 was identified as an
important role in glycolysis of PAAD. However, the comprehensive reports
about BZW1/2 in PAAD are not sufficient.

Methods: RNA-seq data in the Cancer Genome Atlas (TCGA) and Gene
Expression Omnibus (GEO) databases were retrospectively analyzed. We
explored the expression of BZW1/2 in PAAD tissues and the associations
between BZW1/2 and prognosis. In addition, the potential roles of BZW1/2 in
tumor microenvironment (TME) of PAAD were analyzed. Finally,
clinicopathological data of 49 patients with PAAD in our institution were
collected. Immunohistochemistry was used to determine the expression of
BZW1/2 in PAAD samples.

Results: BZW1 and BZW2 were upregulated in PAAD tissues compared to
normal tissues (p < 0.05). The expression of BZW1/2 were not significantly
correlated with gender, grade and stage of PAAD (p > 0.05). High expression
of BZW2 was an independent predictor for poor prognosis of PAAD (HR
1.834, 95%Cl 1.303-2.581, p = 0.001). And a nomogram to predict overall
survival (OS) of PAAD was established with a C-index of 0.685. BZW1 and
BZW2 expression were positively associated with T cell mediated immune
response to tumor cell and Th2 cells in xCell database. Tumor Immune
Single-Cell Hub (TISCH) analyses indicated that BZW1 and BZW?2 were mainly
expressed in B cells and malignant cells. External cohort furtherly validated
that high expression of BZW1 and BZW2 were predictors for poor prognosis
of PAAD.

Conclusion: We found that BZW1 and BZW2 are highly expressed in malignant
cells and B cells in the TME of PAAD. BZW2 is an independent predictor for OS of
PAAD. BZW1 and BZW2 expression are positively associated with T cell
mediated immune response to tumor cell and Th2 cells in PAAD.
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Introduction

Current evidence suggests that the incidence of pancreatic
adenocarcinoma (PAAD) has increased apparently in recent
years. In the USA, PAAD has become the 10th newest cancer
in men and the eighth in women (Siegel et al., 2022). Despite the
progress in early diagnosis and standard treatment, the prognosis
of PAAD remains poor, with a 5-year overall survival rate of
about 10% (Mizrahi et al., 2020). This may be due to resistance to
standard therapies, including surgery, chemotherapy and
radiotherapy. With the development of precise and targeted
therapy, the emerging immunotherapies might successfully
improve the prognosis of PAAD (Yin et al., 2022). Given the
intricacy of PAAD (TME)
characterized by fibrosis and poor vascularization, the

tumor microenvironment

efficiency of anti-tumor therapy is probably disturbed (Truong
and Pauklin, 2021).

Basic leucine zipper and W2 domain-containing protein 1
(BZW1, BZAP45) and protein 2 (BZW2, 5MP1) are important
members of the basic leucine zipper (bZIP) superfamily (Mitra
etal, 2001; Singh et al., 2011). BZW1 and BZW?2 genes encode
a 45 kDa protein containing an N-terminal bZIP domain and a
C-terminal W2 domain, and are highly expressed in bronchial
epithelial cells and placenta, respectively (Hiraishi et al., 2014).
As a transcription factor, BZW1 is identified as a conserved
regulator during the G1/S transition (Mitra et al., 2001).
BZW2 is
maintenance and cell-cell adhesion via translation initiation

Moreover, associated with tumorigenesis
and cadherin binding, respectively (Guo et al., 2014).
Currently, the roles of BZW1/2 in PAAD have been largely
understudied. As a paralog of BZW1, we hypothesized that
BZW?2 might play a similar role in the progression of PAAD.
In this study, we tried to analyze the expression profiles of
BZW1/2 and their immunological characteristics in PAAD
samples via public database. Furthermore, PAAD tissue
samples were collected and protein expression of BZW1/
2 and prognosis of PAAD were analyzed in an external
validation cohort.

Methods

Sample collection and pan-cancer
analysis

Clinical, pathological and gene-expression data were
acquired from the Cancer Genome Atlas (TCGA, https://
portal.gdc.cancer.gov/) and Gene Expression Omnibus (GEO,
https://www.ncbinlm.nih.gov/) databases. Patients who were
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diagnosed as PAAD with pathological evidence were included
in this study. Samples from patients with pancreatic
neuroendocrine or metastatic neoplasms were excluded from
this study. Normalized pan-cancer datasets, TCGA TARGET
GTEx (PANCAN, N = 19131, G = 60499), were downloaded
from the UCSC database (https://xenabrowser.net/). Samples
derived from solid tissue normal, primary solid tumor, normal
tissue, primary blood derived cancer-bone marrow and primary
blood derived cancer-peripheral blood were selected, and gene-
expression data of BZW1 (ENSG00000082153) and BZW2
(ENSG00000136261) in each
Carcinoma sample number less than 3 was eliminated. As a

sample were extracted.
result, 34 species of carcinoma were incorporated into the pan-
cancer analysis.

Protein levels of BZW1/2 in PAAD samples

Immunohistochemical staining images of PAAD and
normal tissues were collected from the Human Protein
Atlas (HPA, https://www.proteinatlas.org/) (Colwill and
Graslund, 2011). The HPA could provide normal and
pathological ~ human  tissue  images  stained by
immunohistochemical sections. Protein levels of BZW1 and
BZW?2 in normal and PAAD tissues were explored in the HPA.
Next, the differential expression of BZW1 and BZW?2 proteins
between normal and PAAD tissues was analyzed by clinical
proteomic tumor or analysis consortium (CPTAC, http://
ualcan.path.uab.edu/analysis-prot.html) database

(Chandrashekar et al., 2017).

Roles of BZW1/2 in PAAD characteristics
and prognosis

The mRNA expression data of BZW1 and BZW2 were
downloaded from TCGA database. The mRNA profiles were
standardized by log, (x+0.001) transformation for further
analysis. Follow-up was conducted from the data of tumor
diagnosis, and the end was data of all-cause death. The
recorded age, gender, grade, American Joint Committee on
cancer (AJCC) stage, TNM stage, overall survival (OS) time
and status of the samples were collected. Patients were
grouped based on gender, grade, AJCC stage and TNM
stage. The differences in BZW1 and BZW2 expression
among groups were analyzed. Survival differences between
the groups were also analyzed. Clinicopathological variables
that were significantly correlated with prognosis were used to
establish a prognostic model. An external cohort, GSE85916,
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was used to validate the effects of BZW1 and BZW2 on the
prognosis of PAAD patients.

Similar gene detection analysis

Similar gene detection module on the Gene Expression
Profiling Interactive Analysis (GEPIA) website (http://gepia.
cancer-pku.cn/detail.php) was used to explore genes with
similar expression patterns to BZW1 and BZW2 of
PAAD in TCGA dataset (Tang et al., 2017). The top
100 correlated genes of BZW1 and BZW2 were listed in
descending order according to the Pearson correlation
coefficient (PCC) values, which reflected the correlation
intensity between variables (0.0-0.2, extremely poor; 0.2-0.
4, poor; 0.4-0.6, moderate; 0.6-0.8, strong; >0.8, extremely
strong).

Functional enrichment analysis

To better understand the potential functions of BZW1 and
BZW2, ontology (GO)
Encyclopedia of Genes and Genomes (KEGG) pathway

Gene annotations and Kyoto
annotations were performed by the Database for Annotation,
Visualization, and Integrated Discovery (DAVID 6.8, https://
Cellular (CO),

function (MF) and biological process (BP) categories were

david.ncifcrf.gov/). component molecular
explored in GO analyses. Statistical significance was set as p <
0.05. The p values of the top five pathways were sorted in

ascending order and displayed.

Gene set variation analysis (GSVA)

Gene lists of pancreatic cells and immune processes were
acquired from Molecular Signatures Database (MSigDB
v7.5.1, We
calculated the functional enrichment score of each PAAD
sample. PCCs were used to evaluate the correlation
between BZW1/2
immune processes.

http://www.gsea-msigdb.org/gsea/msigdb/).

expression and pancreatic cells or

Establishment of the protein-protein
interaction (PPI) network

It is well-established that the STRING database could be used
to collect, score and integrate publicly available sources of PPI
information (von Mering et al., 2005). The top 100 correlated
genes were selected and incorporated to establish PPI
networks. The network was constructed with a medium
confidence at 0.400.
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Tumor immune single-cell hub analysis

Tumor Immune Single-Cell Hub (TISCH, http://tisch.
comp-genomics.org/home/) could provide detailed cell-type
annotation at the single-cell level, and enabled the exploration
of TME about different cancer types. The PAAD_
CRA001160 dataset was selected to compare BZW1 and
BZW2 expression in three main cell types, including
immune cells, stromal cells and malignant cells. PAAD_
CRA001160 dataset in TISCH contained single-cell RNA-
seq of 57443 individual pancreatic cells from 35 primary
PAAD patients (Peng et al., 2019).

ESTIMATE-stromal-immune score
analysis

We further analyzed the roles of BZW1 and BZW?2 in the
TME. The Estimation of Stromal and Immune Cells in
Malignant using Expression Data
(ESTIMATE) algorithm was used to detect the fractions of
infiltrating stromal and immune cells. And immune and
stromal scores could be inferred by ESTIMATE algorithm.
Higher immune or stromal components were associated with

Tumors Tissues

higher immune or stromal scores. The associations of BZW1/

2 genes and ESTIMATE-Stromal-Immune score were

explored.

Tumor-infiltrating immune cell
abundance analysis

The correlations of BZW1/2 genes and tumor-infiltrating
immune cell (TIIC) in PAAD samples were analyzed. The PCCs
were calculated by CIBERSORT (https://cibersort.stanford.edu/),
xCell (https://github.com/dviraran/xCell), MCP counter (https://
github.com/ebecht/MCPcounter), Estimate the Proportion of
Immune and Cancer cells (EPIC, https://gfellerlab.shinyapps.
i0/EPIC_1-1/), Tumor Immune Estimation Resource (TIMER,
https://cistrome.shinyapps.io/timer/), quanTIseq (http://icbi.i-
med.ac.at/software/quantiseq/doc/index.html) and
(IPS, https://tcia.at/home). The
computational methods mentioned were applied to estimate

immunophenoscore
TIIC abundance in PAAD samples. The associations between
BZW1/2 expression and TIIC abundance were analyzed.
Cell lines and culture

The human pancreatic ductal epithelium cell line HPDE6-C7
and two human pancreatic cancer cell lines, including MiaPaCa-

2 and Panc-1, were obtained from the American Type Culture
Collection (ATCC, Manassas, VA, USA). The cell culture
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medium was Dulbecco’s Modified Eagle Medium (DMEM)
(Invitrogen, Carlsbad, CA, USA) supplemented with 10% fetal
bovine serum (FBS) (Invitrogen). Cells (10°) were grown in a
humidified 5% CO, incubator at 37°C.

Real-time quantitative polymerase chain
reaction (RT-qPCR)

Total RNA was extracted from cell lines using TRIzol reagent
(Invitrogen, USA)and reverse transcribed into cDNA via the
PrimeScript RT Reagent Kit with gDNA Eraser (Takara, Japan).
RT-qPCR was carried out via TB Green Premix Ex Taq II
(Takara). In this respect, the RNA template and its primer
were incubated at 70°C for 10min, and cooled on ice for
5min. The complex mixture was incubated at 42°C for 50min,
and then heated at 70°C for 15min. The mixed reaction mixtures
were amplified for 40 cycles with the following procedure, 95°C
for 10s, 60°C for 10s and 72°C for 20s. Expression of mRNA was
calculated by 27" method. GAPDH was used to normalize the
results of RT-qPCR. The primer sequences were as following:
GAPDH, GGAGCGAGATCCCTCCAAAAT(F), GGCTGTTGTCA
TACTTCTCATGG(R); BZW1, AAGAGAGGTTTGACCCTACTC
AG(F), CTGCATATCGACGGTAATCAAGT(R); BZW2, CTA
ACAGGCCAGCGGTTCAAA(F), GGACAAGTGTATCCCTG
AAGACT(R).

Immunohistochemistry of BZW1 and
BZW2 in PAAD samples

To further clarify the expression of BZW1 and BZW?2 in
PAAD the
clinicopathological data of 49 patients who underwent

samples, we retrospectively  collected
needle biopsy or radical surgery in the Department of

Hepatobiliary ~Surgery at Henan Provincial People’s
Hospital from June 2018 to May 2021. Patients were asked
to receive

systematic chemotherapy post-operation if

circumstances permitted. After discharge, they were
requested to periodic follow-up. Immunohistochemistry
staining was performed to analyze the expression of
BZW1 and BZW2 in tumor specimens. BZW1-(#ab85090)
and BZW2-(#ab254772) antibodies were purchased from
Abcam company. The EnVision two-step method was used
to stain the specimen. The expression of BZWI1 and
BZW?2 were recorded by light microscopy and evaluated by
two pathologists independently. The correspondence rules of
staining intensity and scoring standard were as following:
uncolored, 0; light yellow, 1; yellow, 2; brown, 3. Positive
expression region percentage criteria were as following:
0-30%, 0; 30-60%, 1; >60%, 2. After calculating the total
points, grouped
(0-2 points) and high-expression (three to five points)

samples  were into low-expression
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groups. The Pearson correlation coefficient between the two
pathologists was 0.87.

Statistical analysis

All statistical analyses in this study were conducted by R
software (version 4.1.0). Comparison analyses among
of BZWI1 and BZW2 were
performed by student’s t test, Mann-Whitney U test or

expression quantities

variance analysis. The Kaplan-Meier method was used to
and high-
expression level groups. Significance of the correlation

analyze survival difference between low-
between the two groups was tested by Pearson correlation
analysis. OS was calculated by the Kaplan-Meier method,
and the survival differences were compared by the Log-Rank
test. Univariate and multivariate cox proportional hazards
regression methods (backward selection) were used to
identify clinicopathologic variables significantly associated
with OS. The optimal cut-off values between low- and high-
expression groups were determined by X-tile software
(version 3.6.1). The PPI
Cytoscape software (version 3.9.1). R package “regplot”
was used to construct the nomogram. A two-tailed p

network was visible via

value less than 0.05 was statistically significant unless
otherwise mentioned.

Results

BZW1/2 were upregulated in PAAD

Expression data about 34 types of carcinomas was acquired
from the UCSC database. Mann-Whitney U test was used to make
differential expression analyses. A significant expression difference
of BZW1 between normal and tumor samples was observed in
28 species. Among them, up-regulated expression of BZW1 in
tumor tissue was detected among 22 types of carcinomas, including
GBM, GBMLGG, LGG, BRCA, CESC, LUAD, ESCA, STES,
COAD, COADREAD, PRAD, STAD, LUSC, LIHC, WT, SKCM,
THCA, OV, PAAD, UCS, ALL and LAML (P all <0.001). And
down-regulated expression of BZW2 was detected among 6 types of
carcinomas, including KIRP, KIPAN, TGCT, PCPG, ACC and
KICH (Ps < 0.05, Figure 1A, Supplementary Table S1). Highly
expressed BZW2 was observed in 30 species of carcinomas,
including GBM, GBMLGG, LGG, UCEC, BRCA, CESC, LUAD,
ESCA, STES, KIRP, KIPAN, COAD, COADREAD, PRAD, STAD,
HNSC, LUSC, LIHC, WT, SKCM, BLCA, READ, OV, PAAD,
TGCT, UCS, ALL, LAML, ACC and CHOL (Ps < 0.05). Moreover,
down-regulated expression of BZW?2 in tumor tissue was detected
among KIRC, THCA and KICH (Ps, Figure 1B, Supplementary
Table S1). We acquired expression data of two cohorts from the
GEO database, GSE28735 and GSE62452. And the results indicated
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that BZW1 and BZW2 were up-regulated in PAAD compared to
normal tissues (P all <0.001, Figures 1C,D, Supplementary Table
S2). Immunohistochemistry images of BZW1 and BZW2 were
obtained from the HPA website. Compared to normal tissues,
BZW1 and BZW2 proteins were highly expressed in PAAD
tissues using the same antibody (BZW1 antibody: HPA053272;
BZW?2 antibody: HPA022813) (Figures 2A-D). In the CPTAC
database, expression levels of BZW1 and BZW2 in PAAD
samples were significantly higher than in normal samples
(Figures 2E,F).
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BZW2 was an independent predictor for
OS of PAAD patients

The relationships between BZW1/2 expression and
clinicopathological were investigated. The
results indicated that patients with T3 stage PAAD
exhibited higher expression level of BZW2 than T2 and
T4 stage (Ps < 0.05, Figure 3], Supplementary Table S3). In
addition, BZW1 and BZW2 expression were not significantly
associated with gender, grade, AJCC stage and TNM stage of

parameters
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significantly higher in PAAD tissues based on CATAC database.

Immunohistochemistry staining in normal and PAAD tissues, respectively. Compared to normal tissues, the expression levels of BZW1 and
BZW2 were upregulated in PAAD tissues (A,B,C,D). Compared to normal tissues, expression levels of BZW1 (E) and BZW2 (F) proteins were

PAAD patients (Ps > 0.05, Figure 3A-I, K, L, Supplementary
Table S3).

Kaplan-Meier survival analysis indicated that PAAD patients
with high BZW1 and BZW?2 expression had poorer OS than
those with low BZW1 and BZW2 levels (p < 0.001 for BZW1, p =
0.004 for BZW2) (Figures 4A,B). GSE85916 cohort was used to
validate the influences of BZW1 and BZW2 expression on
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prognosis. Survival analyses showed that high expression of
BZW1 and BZW2 were significantly associated with short OS
for PAAD patients (p = 0.040 for BZW1 probe 11757867_s_at,
p = 0.046 for BZW1 probe 11744775_x_at and p = 0.030 for
BZW?2 probe 11747677_a_at) (Figures 4D-F). Univariate cox
regression analysis indicated that age, grade, AJCC stage, N stage,
chemotherapy, radiotherapy, BZW1 and BZW2 expression were
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Relationships between BZW1/2 expression and clinicopathological parameters of PAAD. The expression of BZW2 in patients with T3 stage
disease was higher than in T2 and T4 stage (J). BZW1 and BZW2 expression were not significantly associated with gender (A,G), grade (B,H), AJCC

stage (C,1) and TNM stage (D,E,F,K,L) of PAAD patients.

independent predictors for OS (Figure 5A). Multivariate cox
proportional regression showed that older age (HR 1.020, 95%CI
1.001-1.040, p = 0.037), N1 stage (HR 2.100, 95%CI 1.273-3.462,
p =0.004), no chemotherapy (HR 2.860, 95%CI 1.846-4.433, p <
0.001) and higher BZW2 expression (HR 1.834, 95%CI
1.303-2.581, p = 0.001) were independently associated with
poor OS (Figure 5B). A nomogram for OS of patients with
PAAD was established based on these independent predictors.
After adding the score corresponding to each factor, the risk
score of each patient and the probability of OS longer than 180-,
365- and 1095-day could be calculated (Figure 5C). Survival
probability of patients with higher risk score was significantly
lower than those with lower risk score (p = 0.009, Figure 4C). This
nomogram demonstrated a C index of 0.685 (95%CI
0.657-0.713). Heatmap and scatter plot indicated that the
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survival rate decreased with an increased risk score
(Figure 5D). The receiver operator characteristic curves
(ROCs) of 180-,365- and 1095-day survival were plotted in

Figure 5E.

Similar gene analyses of BZW1/2

Similar genes module in the GEPIA webtool was used to
explore similar genes of BZW1 and BZW?2 genes. The top similar
100 genes of BZW1 and BZW2 were listed in Supplementary
Table S3. The top five highly correlated genes with BZW1 were
BZW1P2, NAA50, KPNA4, G2E3 and RAB10 according to the
PCC values. And the top five highly correlated genes with
BZW2 were CBX3, NIFK, AVL9, PPIAP22 and PPIA. The
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BZW?2 (11747677 _a_at) suffered poor prognosis in GSE85916 cohort (D): 11757867_s_at, (E) 11744775_x_at and (F) 11747677 _a_at).

heatmap in Supplementary Figure S1 indicated the clustering and
correlation of similar genes.

Biological function exploration

To further explore the potential biological functions of
BZW1 and BZW2, we performed GO and KEGG analyses
based on BZW1/2 and their similar genes. The top five
enriched BP clusters of BZW1 included RNA localization,
intracellular transport, establishment of RNA localization,
intracellular protein transport and nucleobase containing
compound transport (Figure 6A). The top five enriched MF
clusters of BZW1 included RNA binding, ribonucleoprotein
complex binding, arrestin family protein binding, hydrolase
activity acting on acid anhydride and peptide alpha-N-
acetyltransferase activity (Figure 6B). The top five enriched
CC clusters of BZW1 included nuclear pore, phosphatase
complex, nuclear envelop, NatA complex and nuclear

protein containing complex (Figure 6C). Significantly
enriched KEGG pathways involved in variations of
BZW1 expression included RNA transport, protein

processing in the endoplasmic reticulum, AMPK signaling
pathway and mRNA surveillance pathway (Figure 6D). The

Frontiers in Genetics

60

enriched BP clusters of BZW2 included
ribonucleoprotein complex biogenesis, ribosome biogenesis,
peptide biosynthetic process, RRNA metabolic process and

peptide metabolic process (Figure 6E). The top five enriched

top five

CC clusters of BZW2 included ribonucleoprotein complex,
envelope, pre-ribosome, mitochondrion and organelle inner
membrane (Figure 6F). The top five enriched MF clusters of
BZW?2 included RNA binding, translation initiation factor
activity, translation factor activity RNA binding, translation
regulator activity and translation regulator activity nucleic
acid binding (Figure 6G). The enriched KEGG pathways
included
spliceosome

involved in variations of BZW2 expression

ribosome  biogenesis in and

(Figure 6H).

eukaryotes

BZW1/2 expression correlated with
pancreatic cells and immune processes

During the progression and evolution of the TME, it was highly
likely that interactions prevail between PAAD and normal
pancreatic cell or immune processes. Hence, we tried to explore
the effects of BZW1/2 genes on pancreatic cells and immune
processes. GSVA was used to determine the enrichment scores
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of pancreatic cells and immune processes in TCGA samples.
Correlation analysis indicated that BZW1 and BZW?2 expression
was negatively associated with pancreas alpha cell, pancreatic
polypeptide cell and epsilon cell. Moreover, BZW1 and
BZW?2 expression was positively associated with pancreas ductal
cells. In addition, the results of correlation analysis suggested
that BZW1 and BZW2 expression was negatively associated with
neutrophil activation involved in the immune response but
positively correlated with T cell mediated immune response to
tumor cells (Ps < 0.05, Figures 7A,B).
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Associations between BZW1/2 expression
and the TME of PAAD

It was widely acknowledged that the ESTIMATE-Stromal-
Immune score could be used to evaluate the composition of
immune cells and stromal cells in the TME. In the present study,
stromal score, immune score and ESTIMATE score of each
calculated.  The that
BZW1 expression was positively associated with stromal score
and ESTIMATE score. However, BZW2 expression was be not

sample  were results  indicated
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FIGURE 6
Circos plots displayed the results of GO and KEGG analyses for BZW1, BZW?2 and their similar genes. (A) BZW1 GO BP. (B) BZW1 GO MF. (C)
BZW1 GO CC. (D) BZW1 KEGG. (E) BZW2 GO BP. (F) BZW2 GO CC. (G) BZW2 GO MF. (H) BZW2 KEGG.

significantly correlated with stromal score, immune score and
ESTIMATE score (Table 1 and Supplementary Figure S2).

Correlation between BZW1/2 and immune
infiltration in PAAD

We further assessed the correlations between BZW1/
2 expression and the types of TIICs. TIICs were evaluated
by CIBERSORT, xCELL, MCPcounter, EPIC, TIMER,
quanTIseq and IPS methods. These public microarray
datasets were used to calculate immune infiltration score of
each sample. After filtering the results using p > 1.0E-5, we
found that BZW1 expression was negatively associated with
the infiltration of basophils, CD4* Tcm, MEP, NKT and
Thl cells, and positively associated with the presence of
CLP, smooth muscle, Th2 cells, neutrophils, T cell CDS8,
DC, macrophages M1. Moreover, BZW2 expression was
negatively correlated with hepatocytes, neurons and Tgd
cells, and positively correlated with epithelial cells,
keratinocytes, sebocytes, Th2 cells and macrophages M1
(Table 2, Supplementary Figure S3). These results indicated
that BZW1 and BZW2 expression influenced TIICs through

severalpathways.

PPl network construction and TISCH
analysis

To clarify the co-expression and interactions among of
proteins, the PPI network was constructed based on the
STRING database (Figure 8A). 18 and 11 proteins were
to be interacted with BZWI1 and BZW2,
respectively. The interaction in the PPI network were

proven
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shown in Supplementary Table S5. AGR3, elIFl, elF2S2,
elF5 and SNX13 genes were interacted with both
BZW1 and BZW2 at the same time. The
PAAD_CRA001160 cohort in the TISCH database was
used to investigate the relationships between BZW1/
2 expression levels and tumor stromal cell infiltrations.
Due to the heterogeneity of TME, we investigated the

expression of BZW1 and BZW2 in stromal cell
components. BZW1 was mainly expressed in B cells,
fibroblasts and malignant cells, and BZW2 was

upregulated in B cells, endothelial and malignant cells
(Figures 8B,C).

Expression of BZW1/2 in pancreatic cell
lines

BZW1 and BZW?2 expressions were further verified through
RT-qPCR in HPDE6-C7, MiaPaCa-2 and Panc-1 cell lines. The
mRNA levels of BZW1 and BZW2 were significantly higher in
Panc-1 and MiaPaCa-2 cell lines than in the HPDE6-C7 cell line
(Figures 9A,F).

External cohort validation confirmed that
BZW1/2 expression could predict OS in
PAAD

49 samples were acquired as an external cohort, and all
up. After
immunohistochemical staining accomplished, the expression
of BZW1 and BZW2 were classified as low- and high-
expression based on scores of samples (Figure 9B-E, G-J).

patients ~ were  successfully  followed

Among them, 13 and 36 patients were recognized as
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FIGURE 7
Heatmap showed BZW1/2 expression and enrichment scores of pancreatic cells and immune responses about each sample in each TCGA
sample. (A) Correlation analyses between BZW1 expression and pancreatic cell or immune response enrichment scores. (B) Correlation analyses

between BZW2 expression and pancreatic cell or immune response enrichment scores.

TABLE 1 Correlation of BZW1/2 expression and ESTIMATE-Stromal-Immune score (Pearson).

Gene symbol Stromal score Immune score

R value p value R value p value
BZW1 0253 6.57E-4 0.078 0301
BZW2 -0.030 0.689 -0.029 0.698
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TABLE 2 Correlations between BZW1/2 expression and TIICs in PAAD (Pearson).

Negative correlation Positive correlation
Cell type p value R value Cell type p value R value
(dataset) (dataset)
BZW1 Basophils (xCELL) 3.394E-9 -0.426 CLP (xCELL) 1.718E-6 0.351
CD4" Tem (xCELL) 5.390E-7 -0.366 smooth muscle (xCELL) 3.227E-8 0.401
MEP (xCELL) 1.155E-13 -0.520 Th2 cells (xCELL) 2.804E-6 0344
NKT (xCELL) 1.937E-08 -0.407 neutrophils (MCPcounter) 4.127E-8 0.398
Thl cells (xCELL) 7.521E-13 -0.505 neutrophils (quanTIseq) 4.962E-9 0.422
neutrophils (TIMER) 7.93E-10 0.441
T cell CD8 (TIMER) 1.450E-16 0.569
DC (TIMER) 1.655E-15 0.552
macrophages M1 (quanTIseq) 2.030E-8 0.406
BZW2 hepatocytes (xCELL) 2.062E-10 -0.455 epithelial cells (xCELL) 5.393E-15 0.544
neurons (xCELL) 2.880E-10 -0.451 keratinocytes (xCELL) 3.884E-10 0.448
Tgd cells (xCELL) 9.534E-6 -0.326 sebocytes (xCELL) 1.122E-8 0.413
Th2 cells (xCELL) 2.049E-7 0.379
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FIGURE 8

(A) PPI network of BZW1- and BZW2-corrected genes based on Cytoscape. (B) Violin plots indicated the expression of BZW1 and BZW2 among
different cell types in the PAAD_CRA001160 cohort. (C) T-distributed stochastic neighbor embedding plots showed the expression of BZW1 and
BZW?2 in different cell types.

BZW1 high- and low-expression, respectively. 18 patients were Supplementary Table S6. The expression of BZWI and
identified as BZW?2 high-expression, and 31 were low-expression. BZW2 showed no significant associations with age, gender,
Correlations between BZW1/2 expression and tumor location, differentiation, T stage, N  stage,
clinicopathological ~factors of patients were listed in chemotherapy and radiotherapy. Survival analyses indicated
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FIGURE 9

RT-gPCR and immunohistochemical staining verified the expression of BZW1 and BZW2 in PAAD samples. The relative mRNA expression levels

of (A) BZW1 and (F) BZW2 in HPDE6-C7, MiaPaCa-2 and Panc-1 cell lines. (B—E) BZW1 was mainly expressed in the cell nucleus. Stain intensity: (B)
BZW1, score 0. (C) BZW1, score 1. (D) BZW1, score 2. (E) BZW1, score 3. (G—J) BZW2 mainly expressed in cytoplasm and membrane. Stain intensity:
(G) BZW2, score 0. (H) BZW2, score 1. (I) BZW2, score 2. (J) BZW2, score 3.
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FIGURE 10
(A) Univariate analysis of OS in the external validation cohort. Survival curves for BZW1 (B) expression and BZW?2 (C) expression in the external
validation cohort.

that N stage, BZW1 expression and BZW2 expression were Discussion and conclusion
independent  predictors for OS in PAAD patients

(Figure 10A). High expression of BZW1 and BZW2 were In China, PAAD ranks the sixth leading cause of cancer
significantly corrected with poor prognosis (BZW1, p = 0.017; related deaths (Xia et al., 2022). Notwithstanding that
BZW2, p = 0.047) (Figures 10B,C). significant inroads had been achieved in recent years,
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PAAD patients still suffered poor prognoses and relatively
short OS time (Xia et al., 2022). Given the insensitivity and

drug-resistance, conventional therapy, which included
surgery, chemotherapy and radiotherapy, often led to non-
satisfactory curative effect nowadays. Targeted and

immunological therapies were prized in the treatment of
PAAD. Indeed, there was a long way to go for new
therapies to be translated clinically. Based on publicly
available tumor database, RNA-seq data could be used to
search for prognostic-related genes and potential therapeutic
targets. BZW1 and BZW2 were known as eukaryotic
translation initiation factor 5 (eIF-5) mimic proteins
(Singh et al., 2011; Loughran et al., 2018). It was reported
that they shared a C-terminal W2 HEAT domain and an
N-terminal bZIP domain (Aravind and Koonin, 2000;
Loughran et al., 2018). In this study, we analyzed the
expression levels of BZW1 and BZW2 in pan-cancer and
distinct stages of PAAD based on the mRNA-seq data from
TCGA databases. Our results suggested that BZW1 and
BZW?2 were highly expressed in PAAD tissue compared to
normal tissue. Results of RT-qPCR indicated that the
of BZW1 and BZW2
pancreatic cancer cell lines were higher than in the human

expression levels in human

pancreatic epithelium cell line. Immunohistochemical
staining showed that BZW1 was mainly located in the
the

cytoplasm and membrane. Survival analyses indicated that

nucleus, while BZW2 was mainly expressed in
BZW?2 expression was an independent predictor for OS of
PAAD patients. A nomogram based on BZW2 expression and
clinicopathological factors was established to predict the
prognosis of PAAD.

Current evidence suggested that BZW1 and BZW2 could
influence the stringency of start codon selection in mammalian
cells (Loughran et al, 2018). Besides, BZW1 transcripts were
alternatively polyadenylated and expressed in tissue-specific
pattern (Yu et al, 2006). The functions of BZWI and
BZW?2 had been largely understudied until recently. BZW1 and
BZW?2 have been established to promote the malignant progression
of several cancers. Shi et al. indicated that BZW1 overexpression
could promote prostate cancer cell proliferation by regulating TGF-
B/Smad pathway (Shi et al, 2021). Jin et al. showed that
overexpression of BZW2 in hepatocellular carcinoma cells
significantly stimulated the activation of PI3K/AKT/mTOR
pathway (Jin et al, 2019). Huang et al. demonstrated that
BZW?2 promoted malignant progression of colorectal cancer via
activating ERK/MAPK pathway (Huang et al, 2020). Data
presented in our study substantiated that high expression of
BZW1 and BZW2 were predictors for poor prognosis of PAAD
patients. Li et al. demonstrated that BZW1 could promote cell
proliferation and inhibit apoptosis of PAAD cells via facilitating
glycolysis in mouse xenograft models and organoids (Li et al., 2022).
They inferred that BZW1 had the potential to be a new therapeutic
target for PAAD (Li et al,, 2022).
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PPI network analysis in our study showed an interaction
between BZW1 and BZW2, and single protein that connected
both BZW1 and BZW2 included eIF1, eIF2S2, elF5,
SNX13 and AGR3. A broad range of eIFs had been
established to regulate the initiation step of translation
(Jackson et al., 2010). Members in the eIFs family were
relevant to PAAD biology, and eIF1, eIF2D, eIF3C and
elF6 were identified as new biomarkers of PAAD (Golob-
Schwarzl et al., 2020). Singh et al. indicated that BZW1 and
BZW2 inhibited the recruitment and recycling of eIF2 by
inhibiting its association with eIF5(Singh et al, 2011).
Hiraishi et al. reported that BZW2 could serve as a
competitor with eIF5, and BZW1 and BZW2 enhanced
translation of ATF4,
reticulum stress and a potential target of PAAD (Hiraishi
et al., 2014). Nachmias et al. proposed that BZW1 and
BZW2 mediated the stemness and survival of leukemia
stem cells (Nachmias et al., 2022). Moreover, BZW1 and
BZW2 could regulate TYK2 expression, which acted as an

a key protein of endoplasmic

oncogene and a therapeutic target in acute myelocytic
leukemia (Sanda et al., 2013; Nachmias et al., 2022). Li
that BZW1 facilitated elF2a
phosphorylation and promoted internal ribosome entry
site-dependent translation of HIFla and c-Myc in PAAD
samples (Li et al., 2022).

To further clarify the roles of BZW1 and BZW2 in TME of
PAAD, we conducted GSVA for each sample in TCGA
The that BZWI1
BZW?2 expression positively correlated with T cell mediated

et al. indicated

database. results  revealed and
immune response to tumor cell. Correlations between BZW1/
2 expression and TIICs were further analyzed. BZW1 and
BZW?2 expression were positively correlated with Th2 cells,
which might facilitate tumor growth in TME of PAAD (Piro
et al, 2017). Interestingly, TISCH analyses showed that
BZW1 and BZW2 might regulate TME of PAAD by
which by

Th2 cells. Moreover, BZW1 positively correlated with

targeting B cells, were  activated
Stromal score and ESTIMATE score. These results may
reveal the potential roles of BZW1 and BZW2 in immune
TME of PAAD.

Although a significant association with the prognosis of
PAAD was found, BZW1 and BZW2 expression were not
significantly correlated with gender, grade, AJCC stage, N
stage and M stage. These results might indicate that the
expression of BZW1/2 was relatively stable during tumor
progression. However, several limitations were found in this

study. First, subgroup analyses were not carried out due to the

relatively small sample size. Therefore, the prediction
performance of BZW1/2 remained unclear among different
subgroups. Second, the associations between BZW1/

2 expression and immune TME were not externally validated.
Furthermore, future studies should investigate the role of
BZW2 in tumor growth and progression of PAAD. As
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potential targets of PAAD, more experiments were needed to
clarify the detailed mechanisms underlying the roles of BZW1/
2 in PAAD.

In conclusion, we found that BZW1 and BZW2 were highly
expressed in malignant cells and B cells in the TME of PAAD.
BZW?2 was an independent predictor for prognosis of PAAD.
BZW1 and BZW?2 expression were positively associated with
T cell mediated immune response to tumor cell and Th2 cells
in PAAD.
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Emerging evidence implies a non-negligible role of DNA methylation in tumor
immunity, however, its comprehensive impact on tumor microenvironment
(TME) formation and immune activation remains unclear. In this study, we
integrated 24 DNA methylation regulators among 754 colon cancer patients to
distinguish different modification patterns via an unsupervised clustering
method, and explore their TME immune characteristics. Three DNA
methylation modification patterns with distinct prognosis and biological
behaviors were identified, consistent with three known phenotypes of
immune-inflamed, immune-excluded, and immune-desert. We then
determined a DNA methylation gene signature and constructed a DNA
methylation score (DMS) to quantify modification patterns individually
through principal component analysis algorithms. DMS-low group had
characteristics of specific molecular subtypes, including microsatellite
instability, CpG island methylator phenotype positive, and mutant BRAF,
presented by increased mutation burden, activation of DNA damage repair
and immune-related pathways, highly TME immune cells infiltration, and hence,
a preferable prognosis. Further, low DMS was also demonstrated to be
correlated to better response and prolonged survival of anti-PD-L1 antibody,
indicating that DMS could be considered as an effective predictive tool for
immunotherapy. In conclusion, our work presented a landscape of different
DNA methylation modification patterns, and their vital role in the formation of
TME diversity and complexity, which could help to enhance understanding of
TME immune infiltration characteristics and more importantly, guide
immunotherapy strategies more effectively and personalized.

KEYWORDS

DNA methylation, immunotherapy, tumor microenvironment, colon cancer,
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Introduction

Colon cancer is common worldwide and remains one of the
leading causes of cancer-related mortality (Sung et al., 2021). As a
biologically heterogeneous disease, colon cancer derives from the
accumulation of a series of genetic and epigenetic changes that
transform normal glandular epithelium into malignant invasive
adenocarcinoma. Now, it is appreciated that there are multiple
molecular pathways involved in these genetic mutations and
epigenetic alterations during colon cancer development, including
microsatellite instability (MSI), the CpG island methylator
phenotype (CIMP), chromosome instability (CIN), and somatic
mutations of critical oncogenes like BRAF and KRAS (Nguyen
et al,, 2020).

Epigenetics, referring to heritable alterations in gene
expression that are not dependent on changes in the DNA
sequence, plays an important role in the pathogenesis of colon
cancer (Lao and Grady. 2011). Therein, aberrant DNA
methylation, one of the most widely studied epigenetic
modifications, could lead to the dysregulation of gene
expression in colon cancer. DNA methylation is a reversible
modification process mediated by DNA methyltransferases
(DNMTs) that facilitate the catalytic addition of methyl
groups to the fifth position of the cytosine of CpG
dinucleotides to generate 5-methylcytosine (5mC). On the
contrary, 5mC could be reversed to unmodified cytosine
through TET dioxygenase-mediated oxidation (Bestor 2000).
Over the past two decades, emerging studies have elucidated
the epigenetically regulatory mechanism of DNA methylation in
colon cancer-specific gene expression patterns.
Hypermethylation in the promoter region could silence the
expression of tumor-suppressor genes, and contribute to loss
of function. For instance, MSI, one of the hallmarks of molecular
subtypes of colon cancer (Dienstmann et al., 2017), is the
consequence of a deficiency in the DNA mismatch repair
(MMR) system, which is not only due to the genetic mutation
of MMR-related genes, but also the results of hypermethylation
of MLH1 gene (Herman et al., 1998). On the contrary, global
hypomethylation of the genome has been demonstrated to
influence colon cancer development through inducing CIN
and global loss of imprinting (Suter et al, 2004). These
insights have improved our understanding of colon cancer
to discover novel

pathophysiology clues

biomarkers and therapeutic targets.

and provide

Recently, immunotherapy, especially the inhibitor targeting
immune checkpoints like CTLA-4, PD-1, or PD-L1, has achieved
durable anti-tumor activity in a range of cancer types. However,
there are many patients, particularly in colon cancer with
microsatellite stable (MSS), do not benefit from this advanced
treatment (Le et al, 2015). The major reason is thought to lack
lymphocytes infiltration in the MSS tumor microenvironment
(TME), forming a “immune-desert” phenotype and resulting a
weak immunoreactivity to the immunotherapy (Chen and
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2017). evidence demonstrated DNA

methylation regulators mediated regulation is critical in anti-

Mellman, Increasing
tumor immune response through involving in many processes of
the cancer-immunity cycle (Cao and Yan, 2020). To be specific,
DNA methylation-associated mutagenesis could generate tumor
neoantigens (Alexandrov et al, 2013). In tumor cells, DNMTs
could suppress the expression of MHC-I to dysregulate the
antigen-presenting machinery, and suppress the expression of
pro-inflammatory chemokines, such as CXCL9 and CXCLI0,
which are required by effector T-cells to permeate the TME and
execute an immune attack (Chen et al, 2017; Luo et al, 2018).
Hypermethylation of the PD-L1 promotor region inhibits its
expression and leads to an inferior prognosis in various cancer
types (Goltz et al., 2017; Heiland et al,, 2017). Meanwhile, in immune
cells, MBD2, the “reader” of methylated DNA, is necessary to induce
dendritic cells phenotypic activation and then initiate the T cell
response (Cook et al., 2015). By contrast, TET2 and HDAC2, the
“eraser” of DNA methylation and histone acetylation respectively,
coordinate to suppress IL-6 expression of dendritic cells, inhibiting
the inflammatory response (Zhang et al., 2015).

However, to date, the majority of studies focus on the function of
one or two DNA methylation regulators, which cannot reflect the
whole landscape of DNA methylation in the formation of tumor-
permissive immune environment. Therefore, comprehensive
recognition of the TME immune characteristics mediated by
multiple DNA methylation regulators, including TME infiltrating
immune cells and activity of immune/inflammatory-related
pathways, could enhance our understanding of TME immune
regulation, and further provide novel perspectives for cancer
immunotherapy. In this study, we integrated the transcriptomic
and clinical information of 754 colon cancer samples to identify
DNA methylation modification patterns with distinct TME immune
characteristics, which were highly consistent with three known
immune phenotypes, including immune-inflamed, immune-
excluded, and immune-desert phenotype, respectively. In addition,
we determined the DNA methylation gene signature and constructed
a scoring system to quantify modification patterns for individual
patients, which could be served as an effective biomarker for
predicting the efficacy and prognosis of immunotherapy.

Materials and methods

Study design, colon cancer datasets
collection, and data processing

Supplementary Figure SIA depicted the workflow of our present
study. Generally, we searched publicly available transcriptomic data
and clinical annotation of colon cancer samples from the Gene-
Expression Omnibus (GEO) and the Cancer Genome Atlas (TCGA)
database. Seven eligible colon cancer datasets with comprehensive
survival information [GSE39582 (n = 562), GSE38832 (n = 122),
GSE39084 (1 = 70), GSE72970 (n = 124), GSE103479 (1 = 155),
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GSE87211 (n = 196), and TCGA-colon adenocarcinoma cohort
(COAD, n = 430)], including 1,659 patients, were collected for our
further analysis (Supplementary Table S1). For the RNA sequencing
data of the TCGA-COAD cohort, the fragments per kilobase of
transcript per million mapped reads (FPKM) value of each sample
was downloaded from the Genomic Data Commons (GDC, https://
portal.gdc.cancer.gov/) by the “TCGAbiolinks” R package directly
(Colaprico et al, 2016). And for the microarray data of the GSE
cohort, we used the normalized matrix files downloaded from GEO.
The somatic mutation data, copy number variation (CNV) data, and
TCGA pan-cancer RNA sequencing data were acquired from the
University of California Santa Cruz (UCSC) Xena browser (https://
xenabrowser.net).

Moreover, we also included an immunotherapeutic cohort
(IMvigor210, n = 348), urothelial carcinoma treated with anti-
PD-L1 antibody atezolizumab, to evaluate the effect of DNA
methylation modification in immunotherapy. The expression
data and clinical information were available from the
“IMvigor210” R package (Mariathasan et al., 2018).

Unsupervised clustering for 24 DNA
methylation regulators

After a systematic review of published articles, we identified a total
of 24 DNA methylation regulators, including 3 writers (DNMT1,
DNMT3A, DNMT3B), 3 erasers (TET1, TET2, TET3), and
18 readers (MBD1, MBD2, MBD3, MBD4, ZBTB33, ZBTB38,
ZBTB4, ZBTB24, UHRF1, UHRE2, MECP2, UNG, TDG, NTHLI,
SMUGI, NSUN2, MGMT, DMAPI).
interactions (PPI) network among 24 regulators were analyzed by
the STRING interaction database (https://string-db.org/) (Szklarczyk
et al,, 2019) and visualized by the Cytoscape software (Shannon et al,,
2003).

Three GEO datasets (GSE39582, GSE38832, and GSE39084)
with the same microarray platform and no prognostic differences

The protein-protein

were integrated as meta-cohort (n = 754) to identify different
DNA methylation
24 regulators (Supplementary Figure S2A). The non-biological

modification patterns mediated by
technical biases caused batch effect among each cohort was
eliminated by the “ComBat” algorithm of the “sva” R package.
Based on the expression of 24 regulators, the Nonnegative Matrix
Factorization (NMF) method was used to determine different
DNA methylation modification patterns through the “NMF” R

package (Gaujoux and Seoighe. 2010).

Identification of differentially expressed
genes and generation of DNA methylation
gene signature

First, to identify DNA methylation phenotype-related genes,
we used the empirical Bayesian approach of the “limma” R
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package to determine differentially expressed genes (DEGs)
among three DNA methylation modification patterns (Ritchie
et al, 2015). The adjusted p-value was set as < 0.01 to select
significant DEGs. Then, we performed a univariate Cox
the DEGs that
significantly related to the prognosis (p-value < 0.01).

regression analysis to confirm were
Subsequently, based on the expression of these prognostic
DEGs, we conducted the second NMF clustering algorithm to
obtain DNA methylation gene clusters as well as validate their
stability. Furthermore, through the principal component analysis
(PCA) method, we used these prognostic DEGs to construct the
DNA methylation gene signature, termed DNA methylation
score (DMS), which could quantify the DNA methylation
modification pattern for each patient. The procedure of
establishing the DMS was similar to a previous study, and we
added the principal component 1 and 2 to acquire the signature
scores (Zhang et al., 2020; Gao et al., 2021). The formula of DMS

was expressed as follow:

DMS == (PC1; + PC2))

where i is the expression of DNA methylation signature genes.

Gene set variation analysis, gene set
enrichment analysis, and functional
annotation

To investigate the difference in the biological processes
among different DNA methylation modification patterns, gene
clusters, and DMS groups, we performed gene set variation
analysis (GSVA) and gene set enrichment analysis (GSEA)
analyses through the “GSVA” and “clusterProfiler” R packages,
respectively (Yu et al., 2012; Hanzelmann et al., 2013). The
hallmark gene sets (h.allv7.5.1.symbols) and the Kyoto
Encyclopedia of Genes and Genomes (KEGG) gene sets
the
MSigDB database for running enrichment analysis (http://

(c2.cp.kegg.v7.5.1.symbols) were downloaded from
www.gsea-msigdb.org/gsea/msigdb/). All enrichment p-values
were adjusted by the Benjamini-Hochberg methods and less
than 0.05 were considered statistically significant (Thissen
et al, 2002). Moreover, we performed Gene Ontology (GO)
functional annotation for DEGs via the “clusterProfiler” R
package, with the cutoff value of false discovery rate
(FDR) < 0.05.

We additionally collected 18 classical biological processes
constructed by Mariathasan et al. (2018), including: 1)
CD8 T effector; 2) DNA damage repair (DDR); 3) antigen-
processing machinery (APM); 4) immune checkpoint; 5) cell
cycle regulators; 6) Fanconi anemia; 7) pan-fibroblast TGFp
response signature (Pan-F-TBRS); 8) epithelial-mesenchymal
transition (EMT) markers including EMT1, EMT2 and EMT3;
9) WNT targets; 10) fibroblast growth factor receptor 3 (FGFR3)

related signature; 11) cell cycle signature; 12) mismatch repair
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13) homologous recombination; 14) nucleotide excision repair;
15) DNA replication; 16) base excision repair. The detailed gene
set of the corresponding pathway was provided in Supplementary
Table S2.

Estimation of the tumor
microenvironment infiltrating cell
abundance and the immune infiltration
score

We used three different algorithms, including the single-
sample gene-set enrichment analysis (ssGSEA) algorithm of the
“GSVA” R package, the CIBERSORT method, and the Tumor
Immune Estimation Resource (TIMER) database, to evaluate the
infiltrating abundance of various TME immune cells, such as
B cell, CD8+ T cell, dendritic cell, and macrophage et al. The gene
sets of each type TME infiltrating cell were extracted from the
study of Charoentong and listed in Supplementary Table S3
(Charoentong et al., 2017).

Besides, through applying “xCell” and “ESTIMATE”
methods, we calculated the TME stromal score, immune
score, estimate score, and microenvironment score based on
signature gene expression to infer the fraction of stromal and
immune cells in colon cancer samples. The calculation was
“estimate”

performed by the “xCell” and R packages,

respectively (Yoshihara et al., 2013; Aran et al., 2017).

Cell culture

The colorectal cancer cell line HCT116 and normal colonic
epithelial cell line NCM460 were purchased from Type Culture
Collection of the Chinese Academy of Science (Shanghai, China).
HCT116 cells were cultured in McCoy’s 5A Medium (16600-082,
Gibco) with 10% fetal bovine serum (10099141C, Gibco) in 5%
CO, at 37°C. NCM460 cells were cultured in RPMI 1640 Medium
(118575-093, Invitrogen) with same condition.

RNA extraction and real-time quantitative
reverse transcription-polymerase chain
reaction)

Total RNA was isolated using TRIzol™ Reagent (15596026,
Invitrogen) and quantified with a NanoDrop 2000™ (Thermo
Fisher Scientific, United States). 1 pug RNA was used for the
reverse transcription reaction to generate cDNA through the
PrimeScript™ RT Reagent Kit with gDNA Eraser (RR047A,
TaKaRa) according to the manufacturer’s protocols. The
mRNA expression was determined by rt-qPCR, which was
performed using Ultra SYBR Mixture (CW0957M, CWBIO)
and a LightCycler” 480 II system (Roche, Shanghai, China).
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The mRNA expression of ACTB was used as a reference. The
primers used in this study were listed in Supplementary Table S4.

Statistical analysis

The normality of data was tested by the Shapiro-Wilk test.
For the comparison of two groups, we used the t-test to detect the
significant difference between normally distributed data, and the
Wilcoxon test for skewed distributed data. For the comparison of
three or more groups, one-way ANOV A and Kruskal-Wallis tests
were conducted to detect the significant difference between
normal distributed and skewed distributed data, respectively.
A chi-squared test was used to compare the frequency differences
between the two groups. Correlation coefficients were calculated
by the Spearman and distance correlation analyses.

For the survival analysis, we focused on the overall survival
(OS) and recurrence-free survival (RFS), and we obtained the
best cut-off value through the “survcutpoint” function of the
“survminer” R package. Kaplan-Meier method was used to depict
the survival curves, and the log-rank test was utilized to identify
significant survival differences between groups. Univariate Cox
proportional hazards regression model was applied to calculate
the hazard ratio (HR) and 95% confidence interval (95% CI) for
each DNA methylation regulator and DNA methylation related
gene. And the multivariate Cox model was performed to
determine the independent prognostic factors when adjusted
by clinical characteristics. The results of Cox regression
analyses were visualized by the “forestplot” R package. The
prediction performance of DMS to evaluate the OS probability
at distinct times was assessed by the receiver operating
characteristic (ROC) curves and quantified by the area under
the curve (AUC), which were conducted via the “timeROC” R
package.

All statistical analyses were accomplished in R 3.6.1 software,
and all reported p-values were two-sided, with p-value < 0.05 as
statistically significant.

Results

Multi-omics landscape analysis of DNA
methylation regulators in colon cancer

In this study, we identified 24 DNA methylation regulators,
including 3 writers, 3 erasers, and 18 readers. Figure 1A
the DNA methylation
modification process of these regulators. Firstly, we analyzed

summarized dynamic reversible
the incidence of somatic mutation and CNV of 24 regulators in
colon cancer from the genomic perspective. We visualized the
mutation landscape of 24 regulators through the “waterfall”
function of the “maftools” R package. Among 399 available

samples in the TCGA-COAD cohort, a total of 113 (28.3%)
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FIGURE 1
The landscape of genetic and transcriptomic variations of 24 DNA methylation regulators in colon cancer. (A) The dynamic reversible DNA

methylation modification process of 24 regulators. (B) The mutation frequency of 24 DNA methylation regulators in the TCGA-COAD cohort. (C) The
location of CNV alteration of DNA methylation regulators on 23 chromosomes from TCGA-COAD cohort. (D) The expression of 24 DNA methylation
regulators between colon cancer tissue and normal tissue (Wilcoxon test; ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p <

0.0001). (E) The PPl network among 24 DNA methylation regulators.
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mutations occurred in 24 regulators (Figure 1B). Therein,
2 erasers, TET3 and TETI, had the highest mutation
frequency (6%) with missense mutation as a major mutation
type, while MBD3 did not present any mutations. Besides, we
found significant co-occurrence mutation relationships between
several regulators, such as TET3 and ZBTB38, DNMT1 and
MBD1, along with UHRF2 and MECP2 (Supplementary Figure
S1B). In addition, the CNV analysis revealed an amplification of
copy number in 6 regulators and deletion in other 6 regulators.
The location of CNV alterations of 12 regulators on the
chromosomes was shown in Figure 1C, which was
accomplished by the “RCircos” R package.

Secondly, to ascertain whether the above genomic variations
affected the transcription of 24 regulators, we further compared the
mRNA expression level of these regulators between colon cancer and
normal samples from the transcriptomic perspective. We observed
most of the regulators were significantly differentially expressed
between tumor and normal tissues. Interestingly, compared to
normal tissues, we found that many regulators with amplified
CNV had a markedly higher expression level in colon cancer
tissues (e.g, DNMT1 and DNMT3B), and vice versa (e.g.,
MBD2 and ZBTB4), suggesting that the alteration of CNV might
be the prominent factor resulting in the abnormal expression of
DNA methylation regulators (Figures 1C,D). To further confirm the
expression level of these regulators in colorectal cancer cell line and
normal colonic epithelial cell line, we selected three most
significantly differentially expressed regulators between tumor and
normal tissues, DNMT3B (writer), TET2 (eraser), and UHRF1
(reader), to compare their mRNA expression in HCT116 and
NCM460 cells. The results of quantitative reverse transcription-
polymerase chain reaction (QRT-PCR) showed that the mRNA level
of DNMT3B and UHRF1 were significantly higher in HCT116 cells
while the mRNA level of TET2 was significantly higher in
NCM460 cells (Supplementary Figures S1IC-E).

Thirdly, we explored the interaction relationship between
24 regulators from the proteomics perspective. The PPI network
depicted the extensive protein interactions among these
regulators (Figure 1E). Comprehensively, the above analyses
presented a highly genetic heterogeneity and expressional
anomalism of DNA methylation regulators in colon cancer
from a multi-omics landscape perspective, hinting at a critical
role of these regulators in tumorigenesis of colon cancer.

Prognosis and immune characteristics of
24 DNA methylation regulators in colon
cancer

To clarify the role of 24 DNA methylation regulators in colon
cancer clinical prognosis and TME cell infiltration characterization,
we gathered three GEO datasets (GSE39582, GSE38832, and
GSE39084) without prognostic differences as meta-cohort for
further analyses (Supplementary Figure S2A). The Cox regression
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analysis identified high expression of nearly half of the regulators
were associated with a favorable prognosis (Supplementary Figure
S2B). Moreover, the interaction network of regulators visualized the
correlation of regulators’ expression and their prognostic significance
(Figure 2A; Supplementary Table S5). We found that the expression
of most regulators was positively related to each other, not only in
regulators with the same functional category, but also among writers,
erasers, and readers.

TME infiltrating immune cells had been widely reported to
display an epigenomic reprogramming, especially in aberrant
DNA methylation (Loo Yau et al, 2019). Therefore, we
investigated the correlation between 24 regulators and TME
infiltrating cells. The expression of MBDI1, MBD2, and
ZBTB4 was positively correlated with infiltrating abundance of
majority immune cells, which could explain their favorable
prognostic value to some extent (Figure 2B). A previous study
demonstrated that colon cancer patients with a MSI status
presented an active intra-tumoral immune environment, and
hence, had a robust response to immunotherapy and superior
prognosis (Andre et al., 2020). Similarly, we found the expression
of MBD1 and MBD2 was upregulated in MSI colon cancer
patients, implying both regulators might involve in immune
activation (Supplementary Figure S2C). In consideration of
the MBD2 expression were highly correlated to immune cells
quantity, especially for activated CD4+ and CD8+ T-cells, as well
as its preferable prognostic value, we next thoroughly analyzed
the role of MBD2 in tumor immune environment formation.
First, the MBD2 high expression group exhibited a higher
infiltrating abundance of most immune cells and TME
immune score (Figures 2C,D). Second, GSEA analysis revealed
several activated immune and inflammation-related pathways,
such as the TNFa, and interleukin-mediated
signaling pathways the
MBD2 high expression group (Figure 2E). Third, owing to the

interferon-
were significantly enriched in
vital role of MBD2 in tumor immunity, we additionally
investigated whether its expression could predict the efficacy
and prognosis of immunotherapy. In the IMvigor210 cohort, we
observed a marked survival benefit in patients with MBD2 high
expression, although the therapeutic response was similar
between two groups (Figure 2F; Supplementary Figure S2D).

Collectively, above results exhibited crosstalk among
24 DNA methylation regulators and their significant impact
on tumor immunity. The MBD2 expression was positively
correlated to TME immune cells infiltration and might be a
potential prognostic biomarker in immunotherapy.

DNA methylation modification patterns
mediated by 24 regulators in colon cancer

As the markedly different clinical outcomes and TME

infiltrating cells characterizations among 24 DNA methylation
regulators in colon cancer, we speculated that these regulators
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Prognosis and immune characteristics of 24 DNA methylation regulators in colon cancer. (A) The prognosis and correlation among 24 DNA

methylation regulators in colon cancer (Log-rank test and Spearman correlation analysis). (B) The cor

and 24 DNA methylation regulators (Spearman correlation analysis). (C) The infiltrating abundance of 28 TME cell types between the MBD2 high and
low expression groups (Wilcoxon test; ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.
between the MBD2 high and low expression groups. (Wilcoxon test; p < 0.0001). (E) GSEA analysis indicated six activated immune/inflammation-

related pathways that were enriched in the MBD2 high expression group (All p < 0.05). (F) Overall survi
groups in the IMvigor210 cohort (Log-rank test, p = 0.042).
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Identification of DNA methylation modification patterns and prognostic and pathway analyses. (A) Unsupervised clustering of 24 DNA
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rank test, p = 0.007). (D) Recurrence-free survival analysis for the three

may contribute to forming different DNA methylation
modification patterns in individual colon cancer. Based on the
expression of 24 regulators, we applied the NMF unsupervised
clustering to obtain three distinct clusters, including DNA
methylation modification pattern-A (n = 306), pattern-B (n =
227), and pattern-C (n = 221), in meta-cohort (Supplementary
Figures S3A,B). Accordingly, we found different regulators were
differentially expressed in different patterns. Pattern-A was
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characterized by high expression of TET1, TET2, ZBTB4,
ZBTB33, ZBTB38, MBD4, UHRF2, and MECP2; pattern-B
was characterized by high expression of DNMT1, DNMT3B,
ZBTB24, UHRF], and UNG; and pattern-C was characterized by
high expression of DMAP1, SMUGI and MGMT (Figure 3A;
Supplementary Figure S3C). In addition, the graph of principal
component analysis (PCA) showed that three patterns were
distinctly segregated, indicating a complete distinguishment of
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three patterns (Figure 3B). Moreover, the survival analysis
revealed a notably favorable OS and RFS in pattern-B
(Figures 3C,D).

Then, we performed a GSEA analysis to explore the different
hallmark three
(Supplementary Table S6). We found pattern-A presented the

signaling  pathways among patterns
activated enrichment pathways associated with stromal and
carcinogenic activation, such as the KRAS, TGFp, EMT, and
angiogenesis pathways, as well as the highest stromal score
(Figure 3E; Supplementary Figure S3D). Immune regulation
and tumor suppressor-related pathways were significantly
enriched in pattern-B, including interferon-a, and -y, TNFa,
P53 signaling, G2M checkpoint, and DNA damage repair related
pathways (Figure 3F). In contrast, these pathways were all
inhibited 3G). We

compared the abundance of TME infiltrating cells among

in pattern-C  (Figure subsequently
three patterns. Not surprisingly, high infiltration of activated
CD4+ and CD8+ T-cells

(Supplementary Figure S3E; Supplementary Table S7), which

were observed in pattern-B
was consistent with the results of enrichment into activated
immune-related pathways, and may explain the preferable
prognosis (Figures 3C,D). Meanwhile, several innate immune
cells were remarkably enriched in pattern-A, including
eosinophil, mast cell, and plasmacytoid dendritic cell, while
the content of the majority of immune cells was relatively
lower in pattern-C (Supplementary Figure S3E).

From the above analyses, we were surprised to find three
DNA methylation modification patterns exhibited significantly
and TME
characterizations, in accordance with the conception of three

distinct  biological behaviors infiltrating cell
tumor immune phenotypes (Hegde and Chen, 2020). Pattern-A
was classified as immune-excluded phenotype, characterized by
innate immune cell infiltration and stromal activation; pattern-B
was classified as immune-inflamed phenotype, characterized by a
high population of adaptive immune cell infiltration and immune
activation; pattern-C was classified as immune-desert phenotype,
characterized by few infiltrations of immune cells and immune

suppression.

Generation of DNA methylation gene
signature

To further investigate the heterogeneity of three DNA
methylation modification patterns, we identified 249 DEGs
among three patterns (Supplementary Figures S4A,B). The
GO functional annotation showed that these DEGs were
DNA

4A;
Supplementary Table S8), indicating the differences in clinical

significantly ~enriched in pathways related to

modification and damage repair events (Figure
outcomes and TME characterizations among three patterns
might result from these DEGs. Subsequently, we obtained

152 genes associated with prognosis through univariate Cox
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regression analysis (Figure 4B; Supplementary Table S9).
Furthermore, based on the expression of 152 genes, we
conducted unsupervised clustering to classify patients into
different genomic subtypes. Surprisingly, consistent with three
modification patterns, the NMF algorithm still clustered three
distinct DNA methylation genomic phenotypes, named DNA
methylation gene cluster-A (n = 272), cluster-B (n = 183), and
cluster-C (n = 299), respectively (Figure 4C; Supplementary
Figures S4C,D). The plot of PCA also presented a distinct
separation of three gene clusters (Supplementary Figure S4E).
As well, the prominent differences in the expression of 24 DNA
methylation regulators were observed among three gene clusters,
in line with the results of three modification patterns
(Supplementary Figure S4F). In accordance with the feature of
modification pattern-B, gene cluster-C had a superior prognosis
and the highest CD8+ T-cells infiltrating abundance than other
two clusters, demonstrating gene cluster-C was immune-
inflamed phenotype (Figures 4D-F). Above all, these analyses
verified the perspective that there were indeed three disparate
immune phenotypes in colon cancer, representing different
clinical and TME immune characterizations.

Characterization of DNA methylation
score in different clinical and molecular
traits

The above results demonstrated DNA methylation
modification played a non-negligible role in TME formation
and prognosis of colon cancer patients. Nevertheless, the
remarkable heterogeneity between individual tumors limited
the accurate application of DNA methylation modification
patterns. Therefore, based on 152 prognostic DEGs, we
constructed a DNA methylation gene signature, termed as
(DMS) to quantify the DNA
methylation modification pattern of each patient.

DNA methylation score

We first evaluated the prognostic value of DMS in colon
cancer, and determined —73.8 as the cut-off value to divide
patients into low and high DMS groups. Prognostic analysis
showed patients with low DMS had a prominently prolonged
survival and recurrence-free time (Figures 5A,B). Besides, the
multivariate Cox regression analysis demonstrated DMS was an
independent risk prognostic biomarker for colon cancer (HR was
1.70 for OS and 1.66 for RFS; Supplementary Figure S5A).
Additionally, to detect the stability of DMS, we enrolled other
independent colon cancer cohorts to validate the prognostic
value of DMS. Likewise, the DMS-low group had a preferable
survival in the TCGA-COAD cohort, GSE72970, GSE103479,
and GSE87211 cohorts (all p < 0.05, Supplementary Figures
S5B-G). Furthermore, we continued to expand the application of
DMS in other digestive system tumors, and we found rectum
adenocarcinoma and stomach adenocarcinoma patients with low
DMS presented a remarkably longer survival (both p < 0.05,
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FIGURE 4
Generation of DNA methylation gene signature. (A) Functional annotation of 249 DEGs among three DNA methylation modification patterns
using GO enrichment analysis. BP, biological process; CC, cellular component; MF, molecular function. (B) Volcano Plot presented the DEGs
significantly associated with prognosis. (C) The heatmap of 152 prognostic DEGs' expressions among three DNA methylation gene clusters-A, -B,
and -C. (D) Overall survival analysis for the three DNA methylation gene clusters (Log-rank test, p = 0.0073). (E) Recurrence-free survival
analysis for the three DNA methylation gene clusters (Log-rank test, p = 0.0013). (F) The infiltrating abundance of 28 TME cell types among three DNA
methylation gene clusters (Kruskal-Wallis test; ns, no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001).
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Characterization of DNA methylation score in different clinical and molecular traits. (A) Overall survival analysis for low and high DMS groups in
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the meta-cohort (Log-rank test, p = 0.00058). (B) Recurrence-free survival analysis for low and high DMS groups in the meta-cohort (Log-rank test,
p = 0.0002). (C) Difference in DMS among distinct clinical subgroups in the GSE39582 cohort. MSI, microsatellite instability; CIMP, CpG island
methylator phenotype; CIN, chromosome instability. (Wilcoxon test; ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001). (D)
Recurrence-free survival analysis for low and high DMS groups among patients received chemotherapy in the GSE39582 cohort (Log-rank test, p =
0.0068). (E) ROC curves to reflect the ability of DMS to predict the 1-, 3-, 5-, and 10-year survival probability for patients received chemotherapy in
the GSE39582 cohort. (F,G) The waterfall plot presented the distribution differences of tumor somatic mutation between DMS-low (F) and -high
groups (G). (H) The scatter plot depicted the negative correlation between DMS and TMB in the TCGA-COAD cohort (Spearman correlation analysis;
p < 0.001). (I) Comparison of DMS between the TMB high and low groups (Wilcoxon test; p < 0.0001).
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Supplementary Figures S5H,I). The data above proved that the
DMS we constructed could predict the survival of colon cancer
effectively and stably.

Next, we explored the characteristics of DMS in different
clinical and molecular subtype traits and fixed our attention on
the GSE39582 cohort, which had comprehensive clinical
information. We found DMS rose gradually by increasing the
tumor TNM stage (p < 0.001, Figure 5C). Besides, patients with
MSI, CIMP positive, CIN negative, and mutant BRAF showed a
lower DMS, implying these subtypes may have a better prognosis
(all p < 0.05, Figure 5C). Chemotherapy was a standard treatment
strategy for colon cancer, and hence, we specifically examined the
ability of DMS to predict the efficacy of chemotherapy. We
revealed significantly longer recurrence-free time in the DMS-
low group of colon cancer patients undergoing chemotherapy
(Figure 5D), and the ROC curves to reflect the ability of DMS to
predict the 1-, 3-, 5-, and 10-year survival probability were shown
in Figure 5E.

Then, we investigated the distribution differences of somatic
mutation between DMS-low and -high groups. As shown in
Figures 5F,G, the DMS-low group exhibited a higher mutation
frequency, and APC, TP53, and TTN were three common genes
with the highest mutation frequency in both groups. As well, we
quantified tumor mutation burden (TMB) value, and discovered
a markedly negative correlation between DMS and TMB
(Figure 5H). Same as the relation between MSI status and
DMS, the TMB-high group presented a lower DMS, hinting
low DMS may reflect genomic instability, massive tumor
neoantigen generation, and induce immune activation
(Figure 5I). Generally, these accumulated results manifested
DMS was an effective predictive tool, and distinguished
different molecular subtypes of colon cancer.

The role of DNA methylation score in the
tumor microenvironment and biological
processes

To better illustrate the underlying relevance between DMS
and different molecular traits of colon cancer, we first compared
DMS among different DNA methylation modification patterns
and gene clusters. Pattern-B and gene cluster-C, representing the
immune-inflamed phenotype, both had the lowest median DMS
(Figures 6A,B). A similar distribution trend of DMS among three
patterns and gene clusters was shown in Supplementary Figures
S6A,B when we split the meta-cohort into three separate GSE
cohorts. These results verified low DMS was related to better
survival again, and the Sankey diagram visualized the
distribution of individual colon cancer patients in different
DNA methylation modification patterns, gene clusters, DMS,
and clinical outcomes (Figure 6C).

Subsequently, we analyzed the correlation between DMS
and several known biological processes signatures constructed
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by Mariathasan et al. (2018). The results revealed DMS was
mightily negatively correlated with DNA damage repair-
related signatures (Supplementary Figure S6C). Further
comparative analysis demonstrated a higher activity of
immune and DNA damage repair pathways in the DMS-
low group, including CD8+ T effector, immune checkpoint,
and mismatch repair (Figure 6D). Additional GSVA analysis
revealed activated DNA damage repair and tumor suppresser-
related pathways were significantly enriched in the DMS-low
group, while stromal and carcinogenic activation pathways
were markedly enriched in the DMS-high group (Figure 6E).
Above analyses confirmed DNA methylation patterns
participated in these biological processes and the DMS
could reflect the activity of immune and stromal-related
pathways.

We then examined the relationship between TME infiltrating
cells and DMS using different immunocytes associated
algorithms, including ssGSEA, CIBERSORT, and TIMER
database, and we found the majority of immune cells,
especially CD8+ T cells, presented a high infiltrating
abundance in the DMS-low group (Figure 6F; Supplementary
Figures S6G,H). Besides, the tumor microenvironment score,
estimate score, and stromal score showed a positive correlation
S6D,E).
Furthermore, we compared the expression level of 24 DNA

with  DMS (Figure 6G; Supplementary Figures

methylation regulators between DMS-low and -high groups
and revealed that some regulators positively associated with
immune cells were also highly expressed in the DMS-low
group, such as TET2, MBDI1, and MBD2 (Supplementary
Figure S6F). At last, we investigated several molecules,
including chemokines and cytokines associated with immune
activation or suppression, which were referenced from published
literature (Zeng et al., 2019). Of these molecules, CD8A,
CXCL10, CXCL9, GZMA, GZMB, IFNG, PRF1, TBX2, and
TNF were considered to be correlated to the transcripts of
immune activation; and CD80, CD86, CTLA-4, HAVCR2,
IDO1, LAG3, PD-1, PD-L1, PD-L2, TIGIT,
TNFRSF9 were related to the transcripts of
checkpoints. We still found the expression of mRNAs relevant

and

immune

to immune activation was significantly upregulated in the DMS-
low group (Supplementary Figure S6I). While two immune
checkpoints, PD-1 and PD-L2, were highly expressed in the
DMS-high group (Supplementary Figure S6]). Collectively, these
results demonstrated DNA methylation involved in TME
immunity response. Then combining the above conclusions
that low DMS was related to higher TMB, we speculated that
DNA methylation modification might influence the genetic
of
These
provided a novel perspective to explore the mechanism of

mutation and generate a great number tumoral

neoantigens, inducing immune activation. results
DNA methylation in tumor somatic mutation, and indirectly
hinting DMS may play an important role in tumor

immunotherapy.
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FIGURE 6
Characterization of DMS in TME and biological processes. (A) Differences in DMS among three DNA methylation modification patterns in the
meta-cohort (Kruskal-Wallis test; p < 0.001). (B) Differences in DMS among three DNA methylation gene clusters in the meta-cohort (Kruskal-Wallis
test; p < 0.001). (C) Sankey diagram visualized the distribution of individual colon cancer patients in different DNA methylation modification patterns,
gene clusters, DMS, and clinical outcomes. (D) The differences in biological processes signatures between DMS-high and -low groups
(Continued)
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FIGURE 6 (Continued)

(Wilcoxon test; ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001). (E) GSVA analysis of relatively activated KEGG pathways
between DMS-high and -low groups. Blue bars represented activated pathways in the DMS-high group, and green bars represented activated
pathways in the DMS-low group. (F) The ssGSEA method identified infiltrating abundance of 28 TME cell types between DMS-high and -low groups
(Wilcoxon test; ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001). (G) The scatter plot depicted the positive correlation
between DMS and microenvironment score (Spearman correlation analysis; p < 0.0001)

The predictive value of DNA methylation
score in anti-PD-1/PD-L1 immunotherapy

Immunotherapy represented by anti-PD-1/PD-L1 or CTLA-4
antibody had broadened the field of cancer treatment and brought
huge clinical benefits in recent years. Here, we explored whether
DMS could predict the therapeutic response and prognosis of
patients treated with immunotherapy. In the IMvigor210 cohort,
the DMS-low group presented a remarkably prolonged survival, and
the multivariate Cox regression analysis also determined that higher
DMS was an independent risk factor for prognosis (Figure 7A;
Supplementary Figure S7A). The ROC curves for DMS in predicting
12-, 18-, 24-months survival probability were presented in
Supplementary Figure S7B. The
(percentage of complete response and partial response) of
patients with low DMS was significantly higher (Figure 7B). As

objective response rate

well, patients in the response group showed a lower DMS compared
to the non-response group, indicating a clinical benefit and
treatment advantage of immunotherapy in patients with low
DMS (Figure 7C; Supplementary Figure S7C).

Although we did not find a significant difference in PD-L1
expression level, a potential biomarker for immunotherapy, between
DMS-low and -high groups in IMvigor210 cohort (Supplementary
Figure S7D), the pan-cancer analysis demonstrated DMS was
negatively related to PD-L1 and PD-L2 expression in the majority
of cancer types including colon cancer, indirectly proving the reliability
of DMS to predict the efficacy of immunotherapy (Figure 7D;
Supplementary Figure S7E). In this immunotherapeutic cohort, the
TMB value was also higher in the DMS-low group, which confirmed
our above conclusions again (Figure 7E). In addition, we evaluated the
prognostic value of TMB and DMS combination in immunotherapy,
and observed a marked prognosis benefit in patients with low DMS
and high TMB (Figure 7F).

More importantly, the biological processes signatures analyses
showed that DNA damage repair-related pathways were significantly
activated in the DMS-low group, while EMT and Pan-F-TBRS
pathways were highly activated in the DMS-high group, indicating
DMS was closely related to the DNA damage repair and stromal
signatures in the setting of patients receiving immunotherapy
(Figure 7G). Lastly, we investigated the difference of DMS among
different immune phenotypes identified by the IMvigor210 study, and
found the immune-excluded and -desert phenotypes had higher
DMS, implying the response to immunotherapy of these subtypes
was limited (Figure 7H). In summary, our work demonstrated a
significant correlation between DNA methylation modification
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patterns and tumor immune phenotypes, and DMS could help to
predict the response of immunotherapy.

Discussion

In this study, based on 24 DNA methylation regulators, we first
identified three DNA methylation modification patterns with distinct
TME infiltrating characteristics and biological behaviors in colon
cancer. Moreover, we obtained prognostic DEGs among three
modification patterns and established the DNA methylation gene
signature, termed DMS, to quantify the DNA methylation

modification profile of individual colon cancer, and more
importantly, predict the efficacy and clinical outcome of
immunotherapy.

Increasing evidence revealed tumors commonly hijacked
various epigenetic mechanisms to escape the supervision of
the immune system. Particularly, certain regulator mediated
DNA methylation and demethylation played an indispensable
role in adaptive immune response, including generation of
tumoral neoantigen, dysregulation of antigen-presenting
of cytokine

production (Cao and Yan, 2020). However, the analysis of the

machinery, and suppression anti-tumor
whole landscape of DNA methylation modification in colon
cancer was limited, and its impact on TME immune response
remained unclear. Here, we integrated the transcriptomic
information of 24 DNA methylation regulators and revealed
three distinct DNA methylation modification patterns, and their
with  three

immunophenotypes: immune-inflamed, -excluded, and -desert

features were consistent classical ~ tumor
(Hegde and Chen, 2020). Modification pattern-B was immune-
inflamed phenotype and presented an activated immune status,
characterized by activation of immune, tumor suppressor and
DNA damage repair related pathways, as well as a high
infiltrating abundance of activated CD8+ T cell. Accordingly,
patients in pattern-B had a better prognosis than the other two
patterns. In detail, abundant immune cells were positioned in
the

proinflammatory and effector chemokines and cytokines,

proximity to tumor cells, accompanied by many
suggesting the presence of pre-existing anti-tumor immunity
in the tumor parenchyma (Harlin et al., 2009; Gajewski et al.,
2013; Herbst et al., 2014). Mechanically, an inflammatory TME
was the basis of immune-inflamed phenotype, also known as a
hot tumor, containing pro-inflammatory cytokines which

provided a more favorable condition for T cell activation and
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The predictive value of DMS in immunotherapy. (A) Overall survival analysis for low and high DMS groups in the IMvigor210 cohort (Log-rank
test, p = 0.0069). (B) The proportion of patients with response to immunotherapy between DMS-high and -low groups in the IMvigor210 cohort
(Chi-square test, p = 0.018). SD, stable disease; PD, progressive disease; CR, complete response; PR, partial response. (C) Comparison of DMS
between immunotherapy response and non-response groups in the IMvigor210 cohort (Wilcoxon test; p < 0.0001). (D) Correlations between
DMS and PD-L1 expression in pan-cancer cohorts through Spearman analysis (spearman correlation analysis). (E) Comparison of TMB between
DMS-high and -low groups in the IMvigor210 cohort (Wilcoxon test; p = 0.0013). (F) Survival analyses for subgroup patients stratified by both DMS
and TMB in the IMvigor210 cohort (Log-rank test; p = 0.00112). (G) The differences in biological processes signatures between DMS-high and -low
groups in the IMvigor210 cohort (Wilcoxon test; ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001). (H) Differences in DMS
among distinct tumor immune phenotypes in the IMvigor210 cohort. (Kruskal-Wallis test; p = 0.016).
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expansion, including type I and type II interferons, TNF-a, IL-2,
and IL-12. By contrast, pattern-C was immune-desert phenotype
and exhibited an immune suppression status, characterized by
inhibition of multiple immune and inflammatory-related
pathways and a low proportion of TME infiltrating immune
cells. This phenotype might be the result of immunological
ignorance, the induction of immune tolerance, and a lack of
appropriate environment for T cell activation, and hence,
reflected the absence of pre-existing anti-tumor immune
response (Gajewski et al., 2013; Herbst et al, 2014; Hegde
et al,, 2016; Kim and Chen. 2016). Notably, we found several
innate immune cells, such as eosinophil, mast cell, natural killer
cell, and plasmacytoid dendritic cell, were enriched in the TME of
pattern-A, while the patients in this pattern did not present a
matching preferable prognosis as pattern B. Conceptually, the
immune-excluded phenotype was characterized by stromal
activation and the presence of vast immune cells, while they
were retained in the stroma surrounding the tumor cells nests
rather than penetrated the tumor parenchyma (Salmon et al,
2012; Herbst et al., 2014; Joyce and Fearon, 2015; Hegde et al.,
2016). Previous study also provided evidence that T-cells
proliferation and activation were observed after anti-PD1/PD-
L1 agents but no infiltration (Herbst et al., 2014). Therefore,
pattern-A  was classified as immune-excluded phenotype,
presenting a pre-existing anti-tumor immune response while
being rendered ineffective by the retention of immune cells in the
the
-excluded phenotypes were both considered as the cold

surrounding stroma. Generally, immune-desert and
tumor, containing numerous immune-suppressive cytokines
that contributed to impairing the anti-tumor response. These
could explain the alike poorer prognosis of pattern-A and -C.
We next screened DEGs among three patterns, and GO
functional annotation revealed they were significantly
associated with DNA modification and damage repair related
pathways, suggesting the different clinical and biological
characteristics among three patterns might be the results of
differentially expressed of these genes. We further identified
prognostic DEGs, termed as DNA methylation signature
genes, to perform unsupervised clustering. Likewise, we found
three genomic subtypes, named DNA methylation gene clusters,
whose clinical outcomes and immune cell infiltrating traits were
similar to three modification patterns. Our comprehensive
analyses strongly revealed three immune phenotypes in colon
cancer with distinct clinical and TME immune characteristics,
which enhanced our understanding of the non-negligible impact
of DNA methylation in shaping different TME landscapes.
Whereas, above analyses were performed based on the patient
population, which could not accurately predict the specific
modification pattern in individual patients. As a consequence,
based on the above signature genes, we developed the DNA
methylation score, DMS, to quantify the certain modification
pattern for each colon cancer patient. We found DMS could

precisely discriminate three immune phenotypes, with the lowest
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median DMS in immune-inflamed type and the highest median
DMS in immune-desert type. Additionally, we revealed a markedly
positive relation between DMS and tumor stage, with DMS
increasing gradually from the stage I to IV. Moreover, DMS was
an independent prognostic risk factor, and patients with high DMS
presented an inferior survival, which was validated in multiple colon
cancer cohorts. Integrally, above results indicated DMS was a reliable
tool to reflect the individual DNA methylation modification pattern,
and predict clinical outcomes of colon cancer.

Colon cancer was a highly heterogeneous disease, resulting
from a series of distinct genetic and epigenetic changes, and a
subset of molecular alterations was considered to drive the
cellular and clinical behavior of cancer, including MSI, CIMP,
CIN, BRAF, and KRAS mutations (Marisa et al., 2013; Phipps
et al, 2015). The CIMP subtype was referred to a distinct
epigenome with a high frequency of methylated genes, and
approximately 20% of colon cancer were CIMP+ tumors
(Toyota et al, 1999). Previous study demonstrated that
CIMP+ colon tumors had a wunique association with
BRAFY%¢ and  CIMP-associated
methylation of MLH1 induced mismatch repair deficiency and

oncogene mutation,
resulted in a genomic instability status, also known as MSI, to
generate more mutation burden and neoantigen (Weisenberger
et al., 2006). In addition, aberrant epigenetic alterations as well
the
machinery in tumor cells, leading to acquiring the adaptive

contributed to dysregulation of antigen-presenting
immune response (Alexandrov et al., 2013). Here, we revealed
DMS-low subtype was characterized as CIMP positive, mutant
BRAF, MSI, and higher TMB, indicating this epigenotype of
colon cancer identified by DMS had specific molecular
alterations. Further analyses manifested the activation of
immune and DNA damage repair related pathways, as well as
the DMS-low
group. Integrally, our findings substantiated DNA methylation

abundant immune cells infiltration in
modification was involved in the genomic instability, resulting in
the accumulation of tumoral mutation burden and generation of
neoantigen, which on the one hand activated the DNA damage
the hand
immunogenicity to further activate the immune response.
Emerging evidence demonstrated that MSI and elevated TMB
could heighten the anti-tumor activity of immunotherapy (Rizvi et al,,
2015; Le et al, 2017; Mouw et al,, 2017), and hence, we further

investigated the ability of DMS to predict efficacy and prognosis of

repair pathway, and on other enhanced

patients received anti-PD-1/PD-L1 antibody. In an immunotherapy
cohort of advanced urothelial carcinoma patients treated with
atezolizumab, we confirmed DMS-low group had a higher
objective response rate and prolonged survival time than the
DMS-high group. Higher PD-L1 expression and TMB value were
considered to imply a favorable efficacy of immunotherapy (Gibney
et al, 2016), and in this study, we discovered DMS was negatively
correlated to TMB and PD-L1 expression in colon cancer, which
validated the predictive value of DMS indirectly. Deeply, the pathway
and immune phenotype analyses revealed activation of DNA damage
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repair and immune-inflamed environment in DMS-low patients,
providing clues to illustrate the regulatory mechanism of DNA
methylation in shaping TME immune landscape, and also
low DMS could benefit
immunotherapy. Collectively, we considered DMS had the

confirmed patients  with from
potential to be an excellent predictive biomarker for immune
checkpoint inhibitor, and might promote personalized colon
cancer immunotherapy in the future.

A major limitation of this work was the public survival and
transcriptomic data of colon cancer immunotherapy was not
accessible yet. Therefore, the predictive performance of DMS
to be further certified in the
immunotherapeutic cohort.

needed colon  cancer

In conclusion, for the first time, we uncovered three distinct
DNA methylation modification patterns in colon cancer, and
illustrated their extensive regulatory mechanism in tumor
immune environment formation, which was a non-negligible
factor to cause individual TME heterogeneity and different
clinical outcomes. Our integrated analyses of DNA methylation
modification would contribute to enhancing the understanding of
tumor immune characteristics, and providing novel insights to guide
immunotherapy more effectively.
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Novel IKZF3 transcriptomic
signature correlates with positive
outcomes of skin cutaneous
melanoma: A pan-cancer
analysis

Lin-Kai Yang', Can-Xiang Lin', Sheng-Hong Li, Jia-Ji Liang,
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of Education, Guangzhou, Guangdong Province, China

To investigate the potential relationship between |karos family genes and skin
cutaneous melanoma (SKCM), we undertook a pan-cancer analysis of the
transcriptional signature and clinical data of melanoma through multiple
databases. First, 10,327 transcriptomic samples from different cancers were
included to determine the overall characteristics and clinical prognoses
associated with Ikaros gene expression across cancer types. Second,
differentially expressed genes analysis, prognostic evaluation, and gene set
enrichment analysis were employed to investigate the role of |karos (IKZF)
genes in SKCM. Third, we evaluated the relationship between lkaros family
genes and SKCM immune infiltrates and verified the findings using the GEO
single-cell sequencing dataset. The results show that Ikaros genes were widely
expressed among different cancer types with independently similar patterns as
follows: 1. IKZF1 and IKZF3, and 2. IKZF2 and IKZF4-5. IKZF2 and IKZF5 were
downregulated in the primary tumor, and IKZF1-3 expression decreased
significantly as the T-stage or metastasis increased in SKCM. Moreover, high
IKZF1-3 expression was associated with better overall survival, disease-specific
survival, and progression-free interval. IKZF3 is an independent prognostic
factor of SKCM. Among lkaros genes, the expression of IKZF1 and IKZF3
positively correlated with the infiltration level of CD4* T cells and CD8"
T cells, B cells, and Tregs in SKCM and negatively correlated with the
infiltration level of MO and M1 macrophages. Moreover, single-cell
sequencing data analysis revealed that |KZF1 and IKZF3 were mainly
expressed by immune cells. Correlation analysis shows the immune factors
and drug responses associated with IKZF3 expression. In conclusion, the
present study is the first, to our knowledge, to identify a pan-cancer
genomic signature of the lkaros gene family among different cancers.
Expression of these family members, particularly high levels of [KZF3,
indicate positive immunological status and beneficial clinical outcomes of
SKCM. IKZF3 may therefore serve as potential targets for immunotherapy of
melanoma.
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Introduction

As one of the most serious cancers, SKCM easily metastasizes
to other parts of body through the lymphatic and peripheral
circulatory systems. In recent years, SKCM morbidity tends to
affect more of the younger population and has become one of the
tumors with the fastest increase in incidence across cancer types
(Ferlay et al., 2015; Siegel et al., 2016). Early-stage patients with
SKCM do not exhibit apparent symptoms or classical
characteristics in pathological examinations, which hinders
physicians from diagnosing and treating patients in a timely
manner (Megahed et al., 2002).

For example, conventional surgical resection of local lesions
and radiation therapy hardly achieve significantly positive
outcomes of SKCM, particularly for multiorgan metastasis
(Balch et al, 2001). In contrast, the antiapoptotic activity of
SKCM renders it resistant to most chemotherapies and increases
the risk of its recurrence (Soengas and Lowe, 2003; Nazarian
et al, 2010). Although SKCM is currently treated with a
combination of surgery, radiation, and other systematic
modalities, the survival rate of patients with advanced
melanoma metastasis remains extremely low.
with
immunomodulatory

However, constant improvements in

technology, cancer immunotherapy
appears to serve as an effective method to treat malignant
tumors. Mounting studies highlight the role of tumor-
infiltrating lymphocytes in eliminating tumors from the tumor
microenvironment (TME), thus making it reasonable to treat
SKCM with an immunotherapy strategy.

In tumor tissues, fibroblasts, infiltrating lymphocytes, and
components such as the surrounding stromal cells and capillaries
constitute the TME (Locy et al., 2018). As the “soil” for tumor cell
growth, the TME mainly provides nutrients for tumor cell
proliferation and invasion. However, once the dysfunctional
infiltrated immune cells recover, the tumor microenvironment
may become a battlefield to kill tumors. In recent years,
mounting studies reveal that quiescent tumor-infiltrating
lymphocytes (TILs) are the main forces that kill tumor cells
after they respond to effective immunological stimulation via the
TME (Lee et al., 2016; Fu et al., 2019). In SKCM, effector T cells, a
member of the TIL population, continuously eradicate tumor
cells once activated by antigens presented by other cells, thus
improving the prognostic outcome of patients (Zhou et al., 2005).

Methods for transforming the TME from a quiescent to active
immunological state range from intravenous injection of
recombinant interleukin (Atkins et al., 2000) and adoptive T-cell
therapy (Besser et al, 2010) to monoclonal antibody therapy
(Weber, 2010). By blocking the PD-1/PD-Ll-induced signaling
pathway or activating the costimulatory receptor 4-1BB/4-1BBL,

Frontiers in Genetics

88

monoclonal antibody therapy of tumors may improve clinical
outcomes. However, most patients with SKCM do not positively
therapy, particularly those with
metastasized melanoma (Tsai et al., 2014). Therefore, it is vitally

respond to single-target
importance to investigate effective immunological therapies that
target SKCM.

The Ikaros family of zinc-finger proteins plays a critical
role in lymphatic development, differentiation, and
homeostasis. There are five homologous members of the
Ikaros gene family including Ikaros (IKZFI),
(IKZF2), Aiolos (IKZF3), Eos (IKZF4), and Pegasus
(IKZF5), which are translated as distinct isoforms through

alternative splicing (John and Ward, 2011). The Ikaros zinc

Helios

finger-like N-terminal domain specifically binds DNA, and its
zinc finger-like C-terminal domain mediates homologous
binding as well as to other family members (Molnar et al.,
1994; Sun et al., 1996). These features confer upon Ikaros
family members the ability to regulate cell proliferation,
differentiation, and apoptosis through the combination of
Ikaros family members or other transcription factors
(Yoshida and Georgopoulos, 2014).

IKZF4 and IKZF5 are mainly expressed in skeletal muscle
and IKZFI-3 expressed by
the of the
development and differentiation of these cells (Perdomo
et al, 2000; Yoshida and Georgopoulos, 2014). It is
therefore reasonable to conclude that Ikaros genes influence

and other solid organs,

lymphocytes  participate in regulation

the immunological status in the TME to affect patients’

clinical outcomes. However, the potential relationship
between TILs that express Ikaros genes in the TME and
SKCM has not been comprehensively investigated.

In the present study, we first applied bioinformatics to
analyze RNA-seq data for different cancers to determine the
role of Tkaros genes in their pathogenesis. The potential function
of Ikaros genes in SKCM was confirmed using gene set
enrichment analysis (GSEA), survival evaluation, and other
analytical tools. To determine the effects of Ikaros gene
expression on the TIL population of SKCM, we performed
immunological analyses using CIBERSORT and single-cell
RNA-seq. Finally, a novel IKZFI-3 transcriptomic signature

was shown to correlate with positive outcomes of SKCM.

Methods
Data analysis

RNA sequence data and corresponding clinical data of
patients with different carcinomas (33 types) were acquired
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UCSC Xena database
datapages/). The Ensemble IDs of the expression profile data

from the (https://xenabrowser.net/
were converted to symbol IDs through the human GTF file.
Cancer types were included: ACC, BLCA, BRCA, COAD, DLBC,
ESCA, GBM, HNSC, KICH, KIRC, KIRP, LAML, LGG, LIHC,
LUAD, LUSC, OV, PAAD, PRAD, READ, SKCM, STAD, TGCT,
THCA, THYM, UCEC, and UCS. At the same time, clinical data
were included survival time, progression free survival time,
survival status, clinical staging and other clinical follow-up data.

Ikaros transcriptional signature across
cancer types

We determined the expression levels of Ikaros family
identified the
expression characteristics of Ikaros family members through

members in all cancers and individual
Pearson coefficient correlation analysis. In view of the lack of
normal samples of SKCM in TCGA data and to evaluate the
association between Ikaros and the progression of SKCM,
differential expressional levels of normal and tumor samples
were retrieved and compared using the GEPIA database (http://
gepia.cancer-pku.cn). Furthermore, we selected cancer types with
more than three normal data samples and analyzed the
differences between the expression of Ikaros family genes in
cancer and normal tissues. [logFC>2| and p < 0.05 were

considered to indicate significant differences in expression.

Prognostic analysis

The prognostic outcomes of Ikaros expression among
multiple cancers were determined using Cox univariate
analysis with the indexes of hazard ratios (HRs) and 95%
(CIs). The log-rank test and the
algorithm  were the
correlation between expression of individual Ikaros genes and

confidence intervals

Kaplan-Meier used to determine
a patient’s survival. Several indicators of outcomes, such as
overall survival (OS), progression-free interval (PFI), and
disease-free survival (DSS) were applied to comprehensively

evaluate the prognostic significance of Ikaros gene expression.

GSEA and protein-protein interaction
network analysis

A computational method of GSEA (GSEA v.3.0 in the Java
environment) was used to explore the potential mechanism of
the regulation of Ikaros genes in the occurrence and
development of SKCM. We ranked the levels of Ikaros
genes expressed by SKCM samples from high to low for
GSEA, which was used to identify signaling pathways
correlated with Ikaros. Gene-set

permutations were
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performed 1,000 times for each analysis. The expression
levels of IKZFI-IKZF5 were used as phenotypic labels for
all SKCM samples. A false discovery rate (FDR) < 0.25 and p <
0.05 were used to identify KEGG pathways significantly
enriched in each phenotype. Ikaros-interacting proteins
were determined using the GeneMANIA protein-protein
interaction network (http://genemania.org/).

Analysis of immune infiltration

An algorithm of ESTIMATE (Yoshihara et al., 2013) was
adopted to evaluate immune infiltration condition across cancer
types using the indexes of stromal score, immune score, and
tumor purity. The relationship between Ikaros gene expression
and immunological reactivity was determined by comparing the
scores and purity indexes among different carcinomas.
CIBERSORT was used for characterizing the infiltrating
immune cell composition of SKCM tissue from their gene
expression profiles. We performed deconvolution calculations
with the annotating file LM22. CIBERSORT annotates the
abundance of 22 infiltrating immune cells through a 547-gene
expression eigenmatrix (Newman et al, 2015). Through the
results of CIBERSORT, the correlations between immune-
infiltrating cells in the TME of SKCM and the expression of
Ikaros genes were demonstrated.

Single-cell RNA-seq analysis

The Tumor Immune-single Cell Hub (TISCH) is an SCRNA-
Seq database focused on the TME, which provides detailed
cellular annotations at the level of a single cell that enables
exploration of the TMEs of different cancer types (Sun et al.,
2021). GSE72056, a series of 4,645 single-cell sSRNA-seq data
from 19 melanoma samples included in the Gene Expression
Omnibus by Tirosh et al. was further analyzed using TISCH to
determine Ikaros gene expression levels in immunocytes.

Correlation of IKZF3 expression and
immune factors

The TISIDB database (http://cis.hku.hk/TISIDB) is a web
portal for tumour and immune system interaction, which
data types.
signatures of Tumor-infiltrating lymphocytes (TILs) were
obtained from TISIDB database. Here, we further analyzed
IKZF3  with
chemokines and receptors. Immunomodulators can be

integrates multiple heterogeneous Gene

associations  for immunomodulators,
divided into three categories, including immunoinhibitors,
immunostimulators and major histocompatibility complex

(MHC) molecules.
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FIGURE 1

(A) Mean mRNA expression values of [karos in pan-cancers. (B—F) mRNA expression levels of IKZF1-5 in different human cancers ranked from

high to low.

Correlation of IKZF3 expression and drug
responses

The cellminer database contains (NCI)-60 gene expression
and drug sensitivity data. We obtained the cellminer database
including drug data approved by the US Food and Drug
Administration and drug data evaluated in clinical trials. The
Pearson correlation coefficient was used to evaluate the
correlation between IKZF3 expression and drug response.

Statistical analysis

The Wilcoxon rank-sum test and the Kruskal-Wallis test
were used to compare two and multiple groups, respectively.
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Pearson analysis was used to perform correlation analysis among
members of the Ikaros gene family. p < 0.05 indicates a significant
difference. All statistical analyses were performed using R
(version 3.6.0).

Results

Transcriptomic signatures of ikaros genes
across cancer types

Differential transcriptomic levels of Ikaros members

(IKZF1-5) were determined through the analysis of
11,057 samples of 33 tumors (10,327 tumor and
730 normal samples). To determine the expression
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indicate upregulation and downregulation, respectively.

characteristics of Ikaros members, we first calculated the mean
expression levels of IKZFI-5 in pan-cancers. Among them,
the mean expression levels of IKZFI-3 were relatively
consistent and that of IKZF5 was the highest (Figure 1A).
Furthermore, the transcriptional signatures of individual
Ikaros genes in different cancer types revealed that
IKZF1-5 were mainly overexpressed in hematological
tumors such as LAML and DLBC, but were expressed at
low levels in digestive tumors, for example, LIHC. The
detailed expression levels of Ikaros genes in different
cancer types are shown in Figures 1B-F.

The Pearson coefficient index of every pair of Ikaros genes
indicated that IKZF1 and IKZF3 were closely associated in
various cancers, while IKZF3 and IKZF5 showed the weakest
correlations (Figure 2A). We next screened 21 tumor datasets,
each including at least three normal samples, using hierarchical
cluster analysis of differentially expressed genes. The results
confirmed the transcriptional relationship between IKZFI and
IKZF3, because they ranked in the same cluster with a
transcriptional pattern similar to that of IKZFI and IKZF3 in
different cancer types (Figure 2B).

To further investigate the role of IKZFI-5 in predicting
clinical outcomes, we conducted univariate Cox regression
analysis of gene samples with the corresponding clinical data.
We found that most patients with cancer that highly
expressed IKZF1-3 had a significantly improved prognosis.
For example, high levels of IKZF1-3 in patients with CESC,

Frontiers in Genetics

91

HNSC, LUAD, SARC, and SKCM indicated longer survival
but implied poor prognosis of patients with LGG and UVM
with the same transcriptional profile (Figure 3). Although
there was no significant association between IKZF4 and
IKZF5, their high better
outcomes of certain types of cancers. the high expression
of IKZF1, IKZF2, IKZF3, and IKZF5 in SKCM will indicate a
better prognosis.

expression levels indicate

IKZF1-3 expression negatively correlates
with the progression of SKCM

Compared with normal tissue, IKZF2 and IKZF5 mRNAs
were expressed at lower levels in SKCM (Figure 4A).
Considering that Ikaros genes may participate in the
progression of SKCM, we investigated their transcriptional
levels associated with different TNM stages. The results show
that the expression of IKZF1-3 mRNAs in SKCM significantly
decreased with higher T-stage and significantly decreased
when SKCM involved local lymph node metastasis that
penetrated the original tissue boundary (Figure 4B).
However, the levels of mRNAs of other members of the
Ikaros family did not vary with higher T-stage. Moreover,
among different tumor locations, Ikaros genes were expressed
at the highest levels in regional lymph nodes, IKZFI1 and
IKZF3 were expressed at the lowest levels in distant
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metastases, and IKZF2, IKZF4, and IKZF5 were expressed at
the lowest levels in the primary tumor.

Highly expressed IKZF1-3 are associated
with favorable clinical outcomes of
patients with SKCM

The results of Kaplan-Meier analysis suggested that
with  SKCM with highly expressed IKZFI-3
experienced significantly longer OS, DFS, and PFI than
patients with lower levels (p < 0.05) (Figures 5A-C).
However, the associations of the OS, DSS, and PFI rates of
patients with higher expression levels of IKZF4-5 were not

patients

significantly different (Figures 5D,E), and patients who
expressed high levels of IKZFI-3 experienced significantly
longer DSS and longer tumor progression-free survival. These
findings indicate that high expression of IKZF1-3 mRNAs was
significantly associated with good prognosis of patients with
SKCM. Further multivariate-cox analysis indicates that
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IKZF3 can be used as an independent prognostic factor
(Supplementary Figure S1).

High expression of IKZF1-3 activates an
antitumor immune response

To further investigate Ikaros-associated signaling pathways,
transcriptional data of SKCM samples were ranked by the relative
levels of IKZFI1-5 expression in the upper 10th percentile
(IKZFhi) vs. the lower 10th percentile (IKZFlo) and subjected
to GSEA. Figures 6A-C shows that high expression of IKZFI-3
was associated with several activated KEGG pathways, while
IKZF4 and IKZF5 were not clustered in known pathways (data
not shown). Moreover, the GSEA results demonstrate that high
expression of IKZFI-3 plays a critical role in the regulation of the
activation of the immune response through the B-cell receptor
signaling pathway, the T-cell receptor signaling pathway,
leukocyte transendothelial migration, and natural killer cell-
mediated cytotoxicity. Furthermore, IKZF1-3hi was closely
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associated with apoptosis and chemokine signaling pathways in
the SKCM cohort, which indicates the anticancer effect of
IKZFI-3 through its regulation of the immune response.

Increased IKZF1-3 expression enhances
immunological infiltration of SKCM

Tumor infiltration analysis using CIBESORT and Estimate,
shows that the stromal and immune scores significantly increased
as the expression of IKZF1-3 was enhanced in SKCM samples.
Moreover, there was a positive correlation between increased
IKZFI-3 expression and the abundance of immunocytes such as
B cells, CD4-positive T cells and CD8-positive T cells, although
there was a negative correlation between increased IKZFI-3
expression and tumor infiltration with MO0/M2-polarized
macrophages. Furthermore, increased infiltration of MO0/
M2 macrophages was a poor prognostic factor for patients.
(Supplementary Figure S2). However, there was no significant
relationship between tumor infiltration and expression of
IKZF4-5.

Single-cell sequence analysis of ikaros
expression

Single-cell sequence analysis was applied to specifically
determine the transcriptomic signature of Ikaros members.
For this purpose, we employed melanoma tissue of the
GSE72056 dataset. Using the Louvain clustering algorithm
and a KNN graph, melanoma tissue was divided into the
major cell types as follows: B cells, CD4-positive T cells, CD8-
positive exhausted T cells, endothelial cells, fibroblasts, SKCM
cells, monocytes, follicular helper T cells, Thl helper cells, and
proliferating T cells (8A, G). Consistent with the results
mentioned above, the levels of IKZFI and IKZF3 were highest
in immunocytes and lowest in SKCM cells, which further
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indicates the function of IKZFI and IKZF3 in the immune
the of
immunocyte infiltration in the TME (Figures 7B,D). However,
IKZF2, IKZF4, and IKZF5 were basically not detectably expressed
by immunocytes, malignant cells, and stromal cells (Figures
7C,EF).

response to tumor cells and indicates status

Correlation of IKZF3 expression and
immune factors

Relationship of IKZF3 expression with immune factors was
evaluated using TISIDB and TCGA databases. we calculated the
correlation of IKZF3 expression and Gene signatures of TILs,
including three immunomodulators, chemokines and receptors
8A-E). Figure 8A
IKZF3 and immunostimulators, IKZF3 strongly correlated
with CD27, TNFRSF9 and ICOS, and weakly correlated with
TNFSF9 and ULBPI. Figure 8B shows correlations between
IKZF3 and Immunoinhibitors, IKZF3 strongly correlated with
CD96, PDCD1 and TIGIT, and weakly correlated with KDR and
VTCNI. Figure 8C shows correlations between IKZF3 and
chemokines, IKZF3 strongly correlated with CXCL13,
XCL2 and CCL4, and weakly correlated with CXCL1 and
CCL27. Figure 8D shows correlations between IKZF3 and
receptors, IKZF3 strongly correlated with CXCR3, CCR5 and
CCR4, and weakly correlated with CXCR1 and CXCR2.
Figure 8E shows IKZF3 expression moderately to strongly
correlated with MHC.

(Figures shows correlations between

Correlation of IKZF3 expression and drug
responses

In order to understand the potential relationship between

IKZF3 expression and various types of drug response, we
performed a correlation analysis to use CellMiner to identify
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potential drug candidates. IKZF3 expression in tumor cells was
positively associated with increased drug sensitivity to
Fluphenazine, Alectinib, and negatively associated with
Irofulven. We have screened a total of 20 drugs that are most
related to the expression of IKZF3, which are also shown in the

radar chart (Figure 8F).

Discussion

With an extremely low survival rate and high potential for
metastatic growth, SKCM causes heavy economic losses and
medical burdens annually worldwide. Except for conventional
surgical removal of the carcinoma and regular radiation therapy,
immunotherapy is one of the most promising treatments for
SKCM (Besser et al., 2010; Hodi et al., 2010).

The of
immunotherapy in the treatment of tumors. As the development

recent research have determined the effect
of cancer is highly associated with immune micro-environment,
determination of the pivotal role of immune response in the tumor is
of importance in developing new immunotherapeutic strategies
(Roma-Rodrigues et al., 2019). IMiD (Immunomodulatory drugs)
covers thalidomide, Len and pomalidomide, and is clinically
approved for the treatment of MM (multiple myeloma) and
Among them, MM and MDS

(myelodysplastic syndrome) are widely used and studied. IMiD

other malignant tumors.
can achieve the therapeutic effect by inducing selective
ubiquitination and proteasome degradation of Ikaros (Gao et al,
2020). In addition, IMiD has the ability to directly inhibit the growth
of tumor cells and strong immune stimulation characteristics, so it
has multiple effects on the existence of different cell components in
the tumor microenvironment. The efficacy and safety of IMiD have
been verified in a wide range of clinical trials. It is increasingly clear
that IMiDs are promising in the treatment of MM (Gao et al., 2020),
MDS and CLL (chronic lymphocytic leukemia) (Vitale et al., 2016).
At the same time, Ikaros can be used as prognostic factors for MM
patients treated by Len (Tachita et al.,, 2020). Previous Research has
shown that patients with lower IKZF3 expression level have a poorer
therapeutic effect with Len, which will also lead to shorter
progression-free survival and overall survival (Pourabdollah et al,,
2016). Moreover, inhibiting RUNX to protect Ikaros from
degradation can significantly improve the drug resistance of
IMiDs in MM(Zhou et al,, 2019). In addition, the combined use
of imatinib in children with B-ALL can enhance the therapeutic
effect of IKZF1-deletion patients. Imatinib, as an intensive treatment
for B-ALL in IKZF1- deletion children, significantly reduces the risk
of recurrence and improves the 5-year overall survival of patients
(Yeoh et al., 2018). CX4945, an inhibitor of CK2, can restore Ikaros
function and play an anti-leukemia role in vitro or preclinical
leukemia model (Borgo et al, 2021). In breast cancer, the
application of ginseng polysaccharides can inhibit the
proliferation of MDA-MB-231 cells by activating IKZF1 (Zhou
et al, 2020). Through the inhibition of the CTLA4 via
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of cellular
immunotherapy with tumor-infiltrated lymphocytes, it enhanced
the anti-tumor effects of T cells (Besser et al., 2010; Hodi et al., 2010).

The previous studies have revealed that SKCM patients with
a high abundance of T and B cells or lowly infiltrated MO and
M2 macrophages have a significant prognosis, while the
metastatic SKCM patients with low infiltration of B and CD8"
T cells have a worse outcome than the previous condition (Iglesia
et al, 2016; Wang et al., 2020). The present study suggests that
expressed IKZFI-3 could activate the B cell receptor signaling

ipilimumab and the application adoptive

pathway, T cell receptor signaling pathway, leukocyte trans-
endothelial migration, antigen processing and presentation
and several other immune regulation processes. Obviously,
IKZFI-3 is positively correlated with T and B cells infiltration,
but negatively correlated with the M0 and M2 infiltration.
Moreover, Ikaros is specifically expressed in the immunocytes.
It seems that IKZFI-3 participate the regulation of immunocytes’
differentiation, thus making it could be considered as an
indicator for the status of TME in SKCM patients. Besides the
regulation of hematopoietic process, Ikaros also regulates the
balance of autoimmunity and suppresses the growth of tumor
(Fan and Lu, 2016). Ikaros genes mediate lymphocyte
proliferation and differentiation (Fan and Lu, 2016). IKZFI-3
play an important role in the regulation of lymphatic system
differentiation. The disorder of its expression has the directive
relationship with the hematological malignancies and primary
immunodeficiency. Lack of Ikaros family may lead to a variety of
immune related diseases, including immune thrombocytopenia
(Sriaroon et al., 2019), systemic lupus erythematosus (Chen et al.,
2020), rheumatoid arthritis (Yang et al., 2019). For example,
mutations of IKZFI-3 in leukemias are associated with poor
prognosis, mainly caused by the disruption of lymphocyte fates
(Rebollo and Schmitt, 2003; Payne and Dovat, 2011). In addition,
Some solid tumors are related to the abnormal expression of
Ikaros family proteins. Higher levels of Ikaros have been proved
to be related to poor differentiation and late stage of ovarian
cancer (He et al., 2012). Moreover, hypermethylation of Ikaros
levels can be regarded as a marker of colorectal cancer
progression and poor prognosis (Javierre et al, 2011). As a
IKZF1 inhibit the
proliferation of HCC through suppressing the promotor of
ANXA4D (Liu et al, 2017). In lung cancer, overexpressed
IKZF3 upregulates the expression of TWIST and matrix
which the
mesenchymal-transition and the transformation of cancer

nuclear transcription factor, could

metalloproteinase-16, promotes epithelial-
stem cells and leads to poor prognosis (Hung et al., 2020).
Moreover, the highly expressed Ikaros are closely associated
with recurrence and metastasis lung adenocarcinoma (Zhao
et al, 2020). But, in several tumors that normally lack
IKZF1 expression, overexpression of Ikaros leads to enhanced
immune recruitment infiltration and tumor sensitivity to
CTLA4 and PDI1 inhibitors (Chen et al., 2018). However, no

research, to our knowledge, has investigated the correlation
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between Ikaros expression and SKCM with the aim of developing
markers to predict prognosis and tumor progression.

In the present study, we first determined the associations
between patients’ overall characteristics and clinical prognosis
with the expression of Tkaros across cancer types. We employed
different analytical methods to identify the relationship between
the transcriptional properties of IKZF1-5 and different cancers
(Figures 1-3). For patients with SKCM, the expression of
IKZFI-3 significantly decreased with increased T-stage or
metastasis (Figure 4). Moreover, highly expressed IKZFI-3,
but not IKZF4-5, were positively associated with a favorable
prognostic outcome (Figure 5) of patients with SKCM through
regulating immunocyte infiltration (Figure 9) and the immune
response (Figure 6, 7). Together, these results indicate that highly
expressed IKZFI-3 gain clinical significance for predicting the
prognosis of patients with SKCM, IKZF3 is an independent
prognostic factor of SKCM, thus suggesting that IKZF3 are
prognostic biomarkers and immunotherapeutic targets of
melanoma. To the best of our knowledge, there is no prior
study that comprehensively investigated the relationship
between Ikaros gene expression and SKCM.

A limitation of the present study is the lack of experimental
evidence that activation of IKZFI-3-related pathways predict the
prognosis of SKCM. Therefore, detailed epigenetic regulation of
Ikaros during the pathogenesis of melanoma should be further
investigated.

In conclusion, our present study systematically describes the
distributions and functions of Ikaros family genes across cancer
types. Although the roles of other Ikaros family members such as
IKZF4-5 in melanoma remain unclear, IKZF3 may serve as
biomarkers for the outcomes of treatments for SKCM that
achieve a positive clinical prognosis.
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Glossary

TME Tumor microenvironment

TIL Tumor-infiltrating lymphocyte
GSEA Gene Set Enrichment Analysis
HR Hazard ratio

OS Opverall survival

PFI Progression-free interval

DSS Disease-free survival

ACC Adrenocortical carcinoma
BLCA Bladder Urothelial Carcinoma
BRCA Breast invasive carcinoma

CESC Cervical squamous cell carcinoma and endocervical
adenocarcinoma

CHOL Cholangiocarcinoma

COAD Colon adenocarcinoma

DLBC Lymphoid Neoplasm Diffuse Large B-cell Lymphoma
ESCA Esophageal carcinoma

GBM Glioblastoma multiforme

HNSC Head and Neck squamous cell carcinoma

KICH Kidney Chromophobe

KIRC Kidney renal clear cell carcinoma

KIRP Kidney renal papillary cell carcinoma

LAML Acute Myeloid Leukemia

Frontiers in Genetics

103

10.3389/fgene.2022.1036402

LGG Brain Lower Grade Glioma

LIHC Liver hepatocellular carcinoma
LUAD Lung adenocarcinoma

LUSC Lung squamous cell carcinoma
MESO Mesothelioma

OV Ovarian serous cystadenocarcinoma
PAAD Pancreatic adenocarcinoma
PCPG Pheochromocytoma and Paraganglioma
PRAD Prostate adenocarcinoma

READ Rectum adenocarcinoma

SARC Sarcoma

SKCM Skin Cutaneous Melanoma
STAD Stomach adenocarcinoma

TGCT Testicular Germ Cell Tumors
THCA Thyroid carcinoma

THYM Thymoma

UCEC Uterine Corpus Endometrial Carcinoma
UCS Uterine Carcinosarcoma

UVM Uveal Melanoma

MDS Myelodysplastic syndrome

MM Multiple myeloma

IMiD Immunomodulatory drugs

CLL Chronic lymphocytic leukemia
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Lung adenocarcinoma (LUAD) is the one of the most prevalent and fatal form
of malignant tumors worldwide. Recently, immunotherapy is widely used in
the treatment of patients with LUAD and has proved to be clinically effective
in improve the prognosis of patients. But there still has been a tremendous
thrust to furtherimprove the efficacy of immunotherapy in individual patients
with LUAD. The suppression of T cells and their effector functions in the
tumor microenvironment (TME) of LUAD is one of the primary reasons for the
low efficacy of immunotherapy in some patients with LUAD. Therefore,
identifying positive regulators of T cell proliferation (TPRs) may offer
novel avenues for LUAD immunotherapy. In this study, we
comprehensively evaluated the infiltration patterns of TPRs in
1,066 patients with LUAD using unsupervised consensus clustering and
identified  correlations  with genomic  and clinicopathological
characteristics. Three infiltrating TPR clusters were defined, and a TPR-
related risk signature composed of nine TPRs was constructed using least
absolute shrinkage and selection operator-Cox regression algorithms to
classify the individual TPR infiltration patterns. Cluster 1 exhibited high
levels of T cell infiltration and activation of immune-related signaling
pathways, whereas cluster 2 was characterized by robust T cell immune
infiltration and enrichment of pathways associated with carcinogenic gene
sets and tumor immunity. Cluster 3 was characterized as an immune-desert
phenotype. Moreover, the TPR signature was confirmed as an independent
prognostic biomarker for drug sensitivity in patients with LUAD. In
conclusion, the TPR signature may serve as a novel tool for effectively
characterizing immune characteristics and evaluating the prognosis of
patients with LUAD.
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Introduction

Lung cancer is the most frequently diagnosed and most lethal
cancer worldwide, with a 5-year relative survival rate of 21% (Siegel
et al,, 2021). Lung adenocarcinoma (LUAD) is the most common
pathological type of non-small cell lung cancer (NSCLC),
accounting for 50% of lung cancers (Travis, 2011; Brustugun
et al, 2018). Surgery remains the primary treatment for patients
with stage I LUAD, but the prognosis remains poor, owing to the
prevalence of metastasis before diagnosis (Herbst et al., 2018). The
risk of recurrence 5 years after surgery is as high as 27% (Yan et al,
2009). Recent advances in targeted therapies for driver genes of
LUAD may reduce metastasis, delay postoperative recurrence, and
improve patient survival rates (Mayekar and Bivona, 2017). For
example, targeted therapies that employ epidermal growth factor
receptor (EGFR) tyrosine kinase inhibitors (TKIs) against tumors
with EGFR mutations or anaplastic lymphoma kinase (ALK) TKIs
against tumors with ALK fusions have improved the outcomes in a
subset of patients (Saito et al., 2018; Harrison et al., 2020). However,
these target gene mutations are only present in 15%-20% of patients,
and targeting agents are ineffective in a small portion of patients with
advanced LUAD (Mayekar and Bivona, 2017). Therefore, novel
biomarkers and therapeutic targets are needed to predict prognosis
and improve the survival of patients with LUAD.

The tumor microenvironment (TME) refers to the ecosystem
surrounding the tumor, which includes immune cells, blood vessels,
extracellular matrix, stromal cells, and signaling molecules
(Anderson and Simon, 2020). Recent studies have shown that
interactions between the tumor and TME play an important role
in LUAD initiation, development, and progression (Hanahan and
Coussens, 2012; Altorki et al, 2019). Studies elucidating the
molecular and cellular biology of the TME have led to the
development of novel immunotherapy strategies, including
checkpoint blockade, adoptive cellular therapy, and cancer
vaccinology (Waldman et al, 2020). Drugs targeting various
components of the TME have been used in clinical trials and
have demonstrated durable responses in patients with NSCLC
(Gettinger et al., 2016; Herbst et al,, 2018). Immune checkpoint
blockades of programmed death-1 (PD-1) and its ligand, PD-L1,
are the most effective treatments for LUAD, as they positively
regulate T cell activation. As one of the most effective anti-PD-
1 drugs, nivolumab has been shown to significantly improve the 5-
year overall survival (OS) of patients with advanced NSCLC,
compared with chemotherapy (Saka et al, 2021). However, the
clinical efficacy of anti-PD-1 drugs has been reported in only 10% of
patients with PD-L1-expressing tumors (Borghaei et al., 2015), and
most patients with PD-L1" tumors respond shortly.

Adoptive T cell (ATC) therapy, which involves the infusion of
autologous or allogeneic T cells, is an efficient and promising
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cancer treatment approach. Allogenic hematopoietic stem cell
transplantation was the first effective adoptive transfer approach
used for the clinical treatment of leukemia, and the T cell graft-
versus-tumor effect produced an improved prognosis (Weiden
et al, 1979). Recently, a novel ATC therapy using autologous
patient T cells redirected against specific antigens was shown to be
an efficient treatment for blood cancers and has been approved for
clinical applications (Munshi et al., 2021). However, the response
and cure rates still require improvement, especially in the
treatment of solid tumors. Owing to the suppression of T cell
effector functions in the TME of solid tumors, the efficiency of
chimeric antigen receptor T therapy in solid tumors is much lower
than that in blood cancers. Moreover, the generation of adaptive
immune responses in patients with cancer depends on the antigen-
specific activation of naive T cells and the coordination of T cell
signaling. Thus, regulators of T cell proliferation (TPRs) in solid
tumors may be ideal targets for improving ATC immunotherapy.
this  study, the
characteristics of TPRs in 526 patients with LUAD and
identified three subgroups of TPRs associated with distinct

In we comprehensively evaluated

immune infiltration patterns, prognoses, genomic features,
and clinicopathological characteristics. We then established a
TPR-related risk model to quantify T cell activation patterns in
individuals. The model was shown to be a robust prognostic
factor and predictive biomarker for the response to drugs in
patients with LUAD.

Materials and methods
Data collection

A total of 1,883 patients with LUAD from six independent
datasets were included in this study. TRP-related genes were
extracted from the Gene Set Enrichment Analysis (GSEA)
database (https://www.gsea-msigdb.org/gsea/msigdb/cards/GOBP_
ACTIVATED_T_CELL_PROLIFERATION.html) and Legut et al.
(2022) report (Supplementary Table S1). Gene expression data,
gene mutation data, and LUAD clinical profiles from The Cancer
Genome Atlas (TCGA) were acquired from the XENA database
(https://xena.ucscedu/). The gene expression matrix and
corresponding survival files from GSE68465, GSE50081, and
GSE72094, based on the Affymetrix Human Genome platform,
were downloaded from the Gene Expression Omnibus database.
Gene expression data and survival profiles for the validated cohort
were extracted from the GEO database (GSE42127 and
GSE36471 datasets). The Affy package was used to perform a
background adjustment among these datasets (Gautier et al,
2004). According to the empirical Bayes framework using the
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TABLE 1 Clinical baseline features of the LUAD patients in three databases.

GSE36471 GSE42127
High Low High
(N =58) (N =58) (N = 88)
TPS
Subtype 1 37 (63.8%) 8 (13.8%) 15 (17.0%)
Subtype 2 11 (19.0%) 31 (53.4%) 23 (26.1%)
Subtype 3 10 (17.2%) 19 (32.8%) 50 (56.8%)
Event
Death 36 (62.1%) 30 (51.7%) 41 (46.6%)
Alive 22 (37.9%) 27 (46.6%) 47 (53.4%)
Missing 0 (0%) 1 (1.7%) 0 (0%)

sva package, we adjusted and removed batch effects between the
different expression profiles, which were subsequently merged to
form a mixed cohort for further analyses. To prevent influencing the
accuracy of patient survival predictions, this study did not include
patients without prognostic data. The baseline information of the
patients with LUAD is shown in Table 1.

Unsupervised consensus clustering of
T cell proliferations

The ConsensusClusterPlus package was used to perform
consensus analysis. LUAD samples were divided into three
clusters based on significantly differential TPR-associated gene
expression levels (false discovery rate <0.05 and |fold change| >
0.5) (Wilkerson and Hayes, 2010). Among the different k-means
clustering results (k = 2-7), three groups (k = 3) demonstrated
the most stable discrimination.

Survival and clinical analysis

OS was evaluated in each group using the Kaplan-Meier
(KM) method and compared among groups using the log-rank
test. The chi-square test was used to compare differences between
groups. The threshold for statistical significance was defined as a
p-value less than 0.05.

Pathway enrichment analysis

To exploit the potential processes between TPR group, we utilized
the limma package [PMID: 25605792] to perform the differential
expression analysis between different TPR and risk group. Firstly, the
differential expression genes (DEGs) were obtained between TPRs
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TCGA-LUAD p-value
Low High Low
(N = 88) (N = 250) (N = 250)
23 (26.1%) 46 (18.4%) 161 (64.4%) <0.001
50 (56.8%) 99 (39.6%) 38 (15.2%)
15 (17.0%) 105 (42.0%) 51 (20.4%)
23 (26.1%) 116 (46.4%) 66 (26.4%) <0.001

65 (73.9%)
0 (0%)

134 (53.6%)
0 (0%)

184 (73.6%)
0 (0%)

group and risk group by differential expression analysis using limma
package. Then, we screened the DEGs at certain condition (log2FC >
1 and adjust p-value < 0.05). Final, those DEGs were enrolled to
performed next step enrichment analysis. The GSEA analysis of
different groups from two independent cohorts was performed
(Powers et al, 2018). The profiles extracted from the GSEA
database (http://www.gsea-msigdb.org/gsea/downloads.jsp; project:
h.all.v7.5.1. symbols.gmt) were analyzed using a reference gene set.
Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene
Ontology (GO) enrichment analyses were conducted for the different
groups using the clusterProfiler package.

Immune infiltration analysis

The MCP-counter method can be used to infer the immune
and stromal cell composition of heterogeneous tissue (Aran et al.,
2017; Petitprez et al., 2020). The IOBR package was used to assess
T cell infiltration via the MCP-counter method (Zeng et al., 2021).
The ESTIMATE algorithm was used to evaluate the immune score
and stromal score in different groups via the IOBR package
(Yoshihara et al, 2013). Tumor immune dysfunction and
exclusion (TIDE) scores were calculated using the TIDE online
database (http://tide.dfci.harvard.edu/) (Fu et al., 2020). The T cell
exhaust score (gene set come from IOBR package) and T cell
activation score (gene set come from: http://cis.hku.hk/TISIDB/
index.php) were calculated by ssGSEA algorithm.

Construction and validation of the least
absolute shrinkage and selection
operator-Cox regression model

We first identified TPR-related genes that were significantly
differentially expressed between LUAD tissues and normal lung
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tissues. Univariate Cox regression analysis was used to determine
the OS associated with TPR-related genes (p < 0.05). Finally,
LASSO-Cox regression analysis was performed. Nine key TPRs
in LUAD were identified and used to construct a TPR-related risk
model for LUAD. The risk score for each patient was calculated
using the following formula: risk score = —0.004491532* AGER
(gene expression level) + (-0.077486959* CYP27Al1) +
0.113176339* CDK1 + (-0.0453135648* CADMI1) +
0.342268624* FADD+ 0.133393571* ADA +0.024214523*
LTBR + (~0.022959715* FYN) + (~0.199900841* CRTAM).

Predictive efficacy of the model

Time-dependent receiver operating characteristic (ROC)
curves were used to assess 1-, 3-, and 5-year OS. The
predictive efficacy of the risk model was determined by
assessing the area under the curve (AUC).

Correlations between clinical
characteristics and T cell proliferation
signature

Correlations between clinical features (age, sex, stage, and
TNM stage) and the TPR signature were evaluated using the chi-
square test. The TPR signature was then differentiated into
subgroups based on these clinical characteristics. Univariate
and multivariate Cox regression analyses were used to identify
independent indicators of patient survival.

Nomogram construction and assessment

Univariate Cox regression analysis was performed to screen
for significant factors (p < 0.05), which were subjected to further
multivariate analysis and used for nomogram construction. The
concordance index (C-index) was used to compare the predictive
ability of the nomogram and the clinical features. Calibration
plots were constructed to determine the fitting efficiency between
the nomogram-predicted OS and actual OS. Decision curve
analysis was used to assess the threshold expectation range of
the nomogram in association with clinical characteristics.

Relationship between chemoresistance
and T cell proliferation signature

The half-maximal inhibitory concentration (IC50) of FDA-
approved drugs (rapamycin, cisplatin, paclitaxel, bortezomib,
elesclomol, tipiifarnib, nilotinib, and doxorubicin)

each TCGA-LUAD patient

was

determined  for using the
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pRRophetic package. The IC50 was used to differentiate
between high and low risk scores.

RNA extraction and quantitative PCR

Total RNA was extracted from U87 cells using TRIzol
reagent (Invitrogen, Carlsbad, CA, United States), and reverse
transcription was performed using the PrimeScript™ RT Reagent
Kit (Takara, Dalian, China). cDNA was subjected to RT-qPCR
using the SYBR Green Real-Time PCR Kit (Takara, Dalian,
China). Relative mRNA expression were normalized to that of
B-actin. The relative expression were calculated using the 274"
method.

Statistical analysis

R (version 4.0.2) was used for statistical analysis. A p-value <
0.05 was regarded as indicative of a statistically significant
difference. Comparisons between two groups were conducted
using Student’s t-test or the Kruskal-Wallis H test, and
comparisons among three or more groups were conducted
using the Wilcoxon signed-rank test. Clinicopathological data
for TCGA-LUAD patients grouped by the TPR model were
analyzed using the chi-square test, and the log-rank test was
used for survival analysis.

Results

Characterization of T cell proliferation
patterns

The TPR infiltration patterns were systematically evaluated,
and a TPR signature was constructed (Figure 1A). We integrated
1,066 LUAD samples from the same GEO platform and
constructed T cell proliferation clusters (TPCs) in the mixed
cohort (GSE68465, GSE50081, and GSE72094). Principal
the
distribution before and after integration (Figures 1B,C).

component analysis revealed changes in sample

To determine the optimal cluster number, we identified
differentially expressed TPRs between LUAD tumors and
normal lung tissues in TCGA-LUAD cohort (Figures 2A,B).
Next, the the
ConsensusClusterPlus package, which indicated the existence
of three powerful TPCs in both the mixed cohort and TCGA-
LUAD cohort (Figure 2C). In addition, the KM survival curves
revealed that the three main TPCs in the mixed and TCGA-
LUAD cohort exhibited significant differences (log-rank test, p <

0.05; Figure 2D-E). In particular, cluster 2 was associated with

we evaluated clustering stability using

worse survival outcomes than the other clusters.
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FIGURE 1

The workflow of this study. (A) The workflow chart of this study. (B,C) Principal component analyses before (B) and after (C) batch removal.

To exploit the potential processes between TPR group, we
performed the differential analysis by Limma package. We
explored the biological processes associated with the three TPR
clusters by using the clusterProfiler package to perform KEGG
pathway enrichment analysis and GSEA in the mixed cohort.
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Cluster 1 was markedly enriched in carcinogenic pathways, such as
the cAMP signaling pathway, WNT signaling pathway, KRAS
signaling pathway, and P53 pathway (Figures 3A,B;
Supplementary Table S2). Cluster 2 exhibited enrichment in
carcinogenic pathways (PI3K-AKT signaling pathway, MAPK
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FIGURE 2

Identify the T cell proliferation cluster (TPC). (A,B) Volcano diagram and heatmap of the positive drive of T cell proliferation that depicts the
abnormal differentially express pattern in lung adenocarcinoma and normal tissue samples. Blue dots: down-regulation, grey dots: none significance
differential genes, and red dots: up-regulation. (C) Unsupervised hierarchical analyses of the differential expression patterns of these T cell-
associated genes in mix-cohort (k-means = 3-5). (D,E) Comparison of overall survival between TPC by using Kaplan-Meier survival curves in

mix-cohort (D) and TCGA-LUAD (E).
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signaling pathway, and IL6-JAK-STAT3 signaling pathway) but
also exhibited robust positive correlations with biological processes
associated with immune activation, including cytokine-cytokine
receptor  interaction, interferon-gamma  response, and
inflammatory response (Figures 3C,D). Interestingly, cluster
3 annotations included pathways that were negatively associated

with cluster 2 (Figures 3E,F).

Characteristics of T cell proliferation
patterns in the tumor immune
microenvironment

To identify correlations between TPR patterns and the TIME, we
calculated the degree of infiltration of different types of immune and
stromal cells by using single-sample GSEA to analyze the TPCs. The
findings were consistent with the results shown in Figure 3,
indicating that the degree of infiltration of the TPCs decreased in
the following order in the mixed cohort and TCGA-LUAD cohort
(Figures 4A,B): cluster 2 > cluster 1 > cluster 3. However, cluster 2,
which had the highest degree of T cell infiltration and the strongest
association with immune-related response pathways, was not
associated with a corresponding survival advantage. Therefore, we
evaluated the immune and stromal scores of the TPCs. In the mixed
cohort and TCGA-LUAD cohort, cluster 2 had the highest scores,
and cluster 1 had the lowest scores (Figures 4C-F; cluster 2 > cluster
1> cluster 3). Although cluster 2 exhibited CD4/8 + T cell activation,
this cluster also exhibited stromal cell activation, which exerts an
effect. these
immunosuppressive therapy may be suitable as a first-line treatment.

immunosuppressive Therefore, for patients,

In addition, we examined the expression of four immune
checkpoint genes (PDCDI, PDCDILG2, CTLA4, and LAGS3),
which are related to immune blockage. The expression of these
genes in the mixed cohort (Figure 4G) and TCGA-LUAD cohort
(Figure 4H; Supplementary Table S3) decreased in the following
order: cluster 2 > cluster 1 > cluster 3. Patients in cluster 2 had the
lowest TIDE scores in both the TCGA-LUAD and mixed cohorts,
suggesting that these patients are most likely to benefit from
immunotherapy (Figures 4L]). In addition, Cluster 2 have
moderate exhaust and activation score of T cell (Figures 4K,L).
Cluster 3 was characterized as an immune-desert phenotype.
Cluster 2, which featured robust T cell immune filtration and a
high stromal score, was characterized as an immune-inflamed
phenotype. Cluster 1, which featured a moderate immune score
and moderate immune infiltration with T cells, was characterized

as an intermediate phenotype.

Construction and validation of T cell
proliferation-related risk model

TPRs play a critical role in the regulation of different T cell
functions. As TPR pattern prediction in individuals is not a
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suitable analysis method, TPCs were identified in the population.
To account for the individual heterogeneity and complexity of
TPR patterns, we aimed to construct a TPR-associated risk model
to quantify the TPR patterns of individuals with LUAD. To
illustrate TPR patterns in transcriptomic data, 11 TPRs were
selected using univariate Cox regression analysis (Supplementary
Table S4). LASSO-Cox regression was used to identify nine
candidate prognostic genes, which were then used to establish
the risk score (Figure 5A). The coefficients of each TPR are
shown in Supplementary Table S3. The heatmap depicts the
transcriptome characteristics associated with the risk score and
the distribution of risk scores among the TPCs (Figure 5B). KM
survival curves showed that the OS of LUAD patients with low-
risk scores was better than that of those with high-risk scores
(Figure 5C). The AUC for the time-dependent ROC curve, which
was used to evaluate the predictive efficacy of the prognostic
model, was 0.69 for 1-year survival, 0.70 for 3-year survival, and
0.73 for 5-year survival (Figure 5D).

To confirm the reproducibility and stability of the TPR
signature, two independent LUAD cohorts acquired from the
GEO database were used for external validation. The
transcriptome features of the two validation sets were
consistent with those of the training set (Figures 6A,B). KM
survival analysis also indicated that patients in the validation
cohorts with high-risk scores were associated with a poor OS,
compared with those with low-risk scores (Figures 6C,D).
Similarly, the AUCs for GSE42127 (Figure 6E; 1-year AUC =
0.80, 3-year AUC = 0.82, 5-year AUC = 0.80) and GSE36471
(Figure 6F; 1-year AUC = 0.68, 3-year AUC = 0.69, 5-year
AUC = 0.68) indicated that the TPR signature exhibited
excellent performance when used to predict the OS of LUAD
patients.

Tumor mutation characteristics of T cell
proliferation clusters

To investigate whether the distinct T cell prognostic
phenotypes were determined by genetic events, we conducted
an integrative analysis of the mutation data. We first explored the
quantity and quality of somatic mutations in the high- and low-
risk groups of the TCGA-LUAD cohort. As depicted in Figures
7A.B, the frequency of TP53 mutations was significantly higher
in the high-risk group than in the low-risk group.

Mutually exclusive or co-occurring gene mutations are
frequently observed in cancer patients (Kang et al., 2008; Kim
et al., 2017). Detecting such mutation patterns is critical for
identifying novel cancer signaling pathways and developing
potential therapeutic strategies. As shown by the differences
among the top 10 genes in the heatmap, TP53 and KRAS
mutations exhibited mutual exclusivity (p < 0.05) in the high-
risk group, but not in the low-risk group (Figure 7C). In addition,
co-occurring mutations in TTN and KRAS were identified in the
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related catalogs (A) and top 10 GSEA (B) of tumor-related items between high- and low-risk scores in TCGA-LUAD (C,D). Cluster 1 in GO/KEGG
analysis (C) and GSEA (D) results in the TCGA-LUAD cohort (n = 207) (E,F). Cluster 2 in GO/KEGG analysis (E) and GSEA (F) results in the TCGA-LUAD
cohort (n = 137). (G,H) Cluster 3 in GO/KEGG analysis (G) and GSEA (H) results in the TCGA-LUAD cohort (n = 156).
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low-risk group, whereas mutual exclusivity was observed in the
high-risk group (Figure 7D).

In patients with LUAD, tumor mutation burden (TMB) has
been regarded as an independent predictor of immunotherapy
success (Goodman et al., 2017; Hellmann et al., 2018). As shown
in the violin plot, patients belonging to the low-risk group or
cluster 2 had a higher TMB, indicating that they may respond to
PD-1/PD-L1 blockade therapy (Figures 7E,F). Therefore, we
further assessed the differences in the TME among the TPR
signature groups.

Characteristics of T cell proliferation-
related risk model

We quantified immune cell infiltration using the MCP-
counter algorithm to further investigate the association
between TPRs and the TME. Consistent with the TMB
analysis results, the low-risk group exhibited a higher degree
of T cell infiltration than the high-risk group (Figure 8A).
Moreover, the ESTIMATE algorithm results revealed a greater
elevation in the immune score, stromal score, and estimate score
in the low-risk group (Figures 8B-D). Similarly, the Pearson
correlation coefficients also indicated that risk was negatively
associated with the immune-associated scores (Figures 8E-G;
immune score R = —0.41, stromal score R = —0.31, and estimate
score R = —0.39; p < 0.001).

To further explore the potential differences in biological
functions between the TPR-associated groups, GO and KEGG
enrichment analyses of hallmark pathways in the high-risk and
low-risk groups were performed. Chromatid segregation-related
pathways and cytokine-cytokine receptor interaction pathways
were significantly enriched (Figure 9A; Supplementary Table S5).
Similar to cluster 3, the low-risk group displayed more
enrichment in immune-related functions than the high-risk
group, the
inflammatory response, and IL2/STAT5 signaling pathway

including interferon-associated  response,
(Figure 9B). Like the previous TPC results, the enrichment
results for TCGA-LUAD cohort were consistent with those

for the mixed cohort (Figures 9C-H).

Subgroup overall survival analysis

Clinical subgroup OS analysis demonstrated that the TPR
signature was suitable for predicting survival in older (=65 years),
N2-N3 stage, MO stage, or stage I-II LUAD patients. Among
these patients, high risk was correlated with a notably poor OS.
Sex and T stage did not affect the TPR model. Furthermore, a
statistical difference (log-rank test) in OS between the high-risk
group and the low-risk group was not observed in younger
(<65 years), NO-N1 stage, M1 stage, or stage III-IV patients
(Figures 10A-L).
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Prediction of drug sensitivity

The predictive IC50 was calculated using the pRRophetic
package. The high-risk group exhibited more sensitivity to
(Figure 11A, High_median = -1.96 vs.
Low_median = -1.90, p < 0.001), rapamycin (Figure 11B,
High_median = -0.28 vs. Low_median = -0.03, p < 0.001),
(Figure  11C, High median = -3.06
Low_median = -3.30, p < 0.001), paclitaxel (Figure 11D,
High_median = -3.18 vs. Low_median = -2.64, p < 0.001),
(Figure 11E, -5.31
Low_median = —5.10, p < 0.001), and elesclomol (Figure 11F,
High_median = —2.98 vs. Low_median = -2.77, p < 0.001). The
low-risk group exhibited more sensitivity to tipifarnib
(Figure 11G, High_median = 2.18 vs. Low_median = -2.14,
p < 0.001) and nilotinib (Figure 11H, High_median = 4.42 vs.
Low_median = —4.28, p < 0.001). In addition, we predicted the
response rate to immunotherapy in the TCGA-LUAD cohort
using the TIDE algorithm. These results indicated that
immunotherapy may be more suitable for patients with a

doxorubicin

cisplatin vs.

bortezomib High_median = Vs.

lower risk score (Figure 11TI).

Nomogram construction and assessment

The results of the univariate analysis indicated that TPR
signature, T stage, N stage, and M stage and stage were associated
with OS (Figure 12A, p < 0.001). To exclude the interference of
other phenotypes to the prognosis, we perform a multifactorial
cox analysis of TPR signature in the TCGA-LUAD cohort. As
shown in Figure 12B, the TPR signature was identified as
independent prognostic variables associated with OS. Stage
and TPR signature were included in a nomogram model
established for predicting OS in clinical settings (Figure 12C).
Calibration and C-index curves were used to assess the
agreement between the actual prognosis value and the value
predicted by the nomogram. The calibration curves for the 1-, 3-,
and 5-year survival rates exhibited a close fit with the nomogram
values (Figure 12D). According to the C-index curves, in terms of
predictive ability, the nomogram and clinical data performed in
the following order: nomogram > TPR signature > T/N stage > M
stage (Figure 12E).

Validation of the expression of T cell
proliferation signature in lung
adenocarcinoma cell lines

To explore the clinical significance of the TPR signature,
mRNA expression were validated in LUAD cell lines
(PC9 and HCC827) and a normal lung cell line (HBE). As
shown in Figure 13, the qPCR results indicated that the
mRNA expression of CDKI, FADD, and LBTR were
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significantly increased in LUAD cell lines compared with
those in the normal lung cell line, whereas the expression of
CADM, CRTAM, FYN, AGER, and CYP27A1 exhibited the
opposite trend. No statistical difference was observed in the
expression of ADA between LUAD cells and normal lung
cells.
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Discussion

LUAD is characterized by multiple mutations and copy number
alterations (Chen et al, 2020), posing challenges to establishing
individualized
immunotherapies that target the components of the TME have

immunotherapy. ~ However, advances in

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1003754

Li et al. 10.3389/fgene.2022.1003754

A Univariate-Cox B Multivariate-Cox
- T e am e
Age pooetee- - i ns
Gender N=190) (065" ¢ : X
T o R T -V T S
N bl " 5 =490 051 /
0.73,
M i . | . L (N=490) ). 5 .
. S IS ST Y e
e P 2 2. 01 02 05 | 2 5
0 10 20 30 40 50 60 70 80 90 100
Points . ) ) L L A A h A A )
T2 T4
T r + T L ]
T X T3
M
M l—'
Mo
RiskScore T T T T T T T T T T 1
0 02 0.4 06 08 1 1.2 1.4 1.6 1.8 2
Total Points r T T T T T T T T T ]
0 20 40 60 80 100 120 140 160 180 200
Linear Predictor T T T T T T T T |
-15 -1 -05 0 0.5 1 1.5 2 25
1-year survival Probability r T T T T T ]
0.9 0.8 07 06 05 04 03
3-year survival Probability r T T T T T T T 1
09 08 07 06 05 04 03 02 01
5-year survival Probability r T T T T T d
07 06 05 04 03 02 01
D E
o | " III‘I""I"|‘I[ll|"||'II|'IH‘H’II'[lr‘ﬂl]lllll[ﬂf'llﬂ|"m‘||l|“mr|lll|1|"|7|l|1|'||F|[IT‘I'I'IIIII|H“HF
- | — 1-year R ~—— Nomogram
—— 3-year /.g." —— Risk score
P 5-year V @ _ —_—
IS ¥ — N
/ M
2 o
< g p s 5- ¥
o 7 2
3 3 —
2 . : e o | -
o g
8 w
8 B T
o J .. -
e . . ; . . ° T T T T 1
00 02 0.4 06 08 1.0 0 2 4 6 8 10
Nomogram-predicted OS (%) Time (years)
FIGURE 12
Construct and validate the nomogram model. (A,B) Univariate (A) and multivariate (B) analyses were performed using Cox regression of the
TCGA-LUAD cohort. (C) Nomogram based on TPR signature and Stage in TCGA-LUAD. (D) Calibration of a nomogram predicting 1-, 3-, and 5-year
OS. (E) Distributions of concordance index values in a nomogram and relevant clinical data.

Frontiers in Genetics frontiersin.org
121


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1003754

Li et al.
A CADM!1 B CRTAM
15 1.5 =
kkkk ekkk
kekdk Fekkk
c | — ! = [
2 kel
& a
310 - $1.0 -
o £
> x
w w
() (0]
= =
K] ]
& 05 0.5 —
0.0 — 0.0 —
& A 10} o)
¥ OQQ"L &L Qg’(o Oc,‘b &L
Ny Ny
E CDK(1 F FADD
5 N okt 4 ] *kkk
ekedek
s 47 S
[7] (7]
%] (%]
o o
o o
g 3 it
o (0]
3 2 3
['4 [
1
0
A )
& & & & & &
I P
FIGURE 13

10.3389/fgene.2022.1003754

FYN AGER
1.5 — 1.5
*kkk *kkk
*kkk *kekk
= = —
K=l o
(7] [}
1.0 21.0 —
5 5
> >
w w
() (0]
= =
s kS
205 — o5
0.0 = 0.0 —
A <) i\ i
&Qf & & ¥ Oo‘bq' ©
¥ &
G CYP27A1 H LTBR
1.5 et 10 1 ek
kkkk kkkk
—_— e
= = 8—
S S
[7] [}
3 _ 3
é 1.0 E |
w w
o (]
3 2
0.5 —
5
0.0 — 0—
A [e) < A )
& & L ¥ L
L ¥

Validation of the expression of risk signatures in lung cancer cell lines (PC9 and HCC827) and normal lung cell (HBE) by RT-PCR analysis.
(A—D,G) The expression of CADM1, CRTAM, FYN, AGER (A-D) and CYP27A1 (H) were decreased in normal lung cell lines. (E, F, H) The expression of
CDK1, FADD (E, F) and LTBR (H) were unregulated in normal lung cell lines. *p < 0.05, **p <0.01, ***p < 0.001, ****p < 0.001.

exhibited variable efficacy in the treatment of lung cancers, including
LUAD (Kwak et al., 2018; O’Donnell et al., 2019). T cell functions
are usually inhibited in cancers because of transcriptional and
translational modifications introduced by other cell populations
in the TME. The cytokines, chemokines, and nutrients in the TME
enable cancer cells to escape from antitumor T cells (Speiser et al.,
2016). Thus, secondary immunosuppression contributes to multiple
biological processes involved in tumor progression and initiation.
Recently, numerous positive TPRs have been identified via genome-
scale screening, providing new insights into T cell therapy (Legut
et al,, 2022). TPRs are optimal targets for immunotherapy and may
be closely related to the prognosis of LUAD patients.

In this study, nine TPRs in patients with LUAD were identified,
using LASSO-Cox regression analysis. Most of these TPRs are
differentially expressed in LUAD and are correlated with
prognosis. For example, FADD overexpression affects NF-«kB
activity and cell cycle progression and is correlated with poor
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clinical outcomes in LUAD (Chen et al, 2005). CADMI is
downregulated by miR-423-5p in LUAD tissues and cell lines,
contributing to proliferation and metastasis (Huang and Feng,
2021). CYP27A1 downregulation the effect of
cholesterol on LUAD cell proliferation and invasion and reduces
high cholesterol-induced LUAD metastasis in vivo (Li et al., 2022).
FYN expression in LUAD correlates with a poor prognosis and is
downregulated in LUAD tissues and cell lines (Xue et al., 2020).
CDKI1 upregulation correlates with poor prognosis, poor survival

enhances

until first progression, and poor post-progression survival in patients
with LUAD (Li et al., 2020). Downregulation of AGER (Zhang et al,,
2018) and upregulation of LTBR (Zhang et al, 2019) are also
correlated with the prognosis of LUAD, as demonstrated by
multiple bioinformatics analyses. Our RT-PCR results were
consistent with the documented downregulation of CRTAM.
However, the role of ADA in LUAD has not yet been elucidated,
and further studies are needed.
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Three distinct TPC subgroups were identified by unsupervised
consensus clustering. These three clusters exhibited different TME
immune cell infiltration levels, biological pathway enrichment, and
drug sensitivities. Cluster 1 was characterized by moderate T cell
immune infiltration and activation of carcinogenic pathways, while
cluster 2 was characterized by robust T cell immune filtration and
the enrichment of pathways associated with carcinogenic gene sets
and tumor immunity. Furthermore, cluster 2 also exhibited a robust
positive correlation with immune activation-related biological
including  cytokine-cytokine
interferon-gamma

processes, receptor interaction,

response, and inflammatory response.
Additionally, cluster 2 had the highest expression scores for four
immune checkpoint genes (PDCDI1, PDCD1LG2, CTLA4, and
LAG3) involved in immune blockage (Masugi et al, 2017
Solinas et al., 2019; Ali et al., 2020). The cluster 2 also exhibited
moderate T cell exhaust and higher T cell activation score calculated
by ssGSEA algorithm (Figures 4],K). Therefore, this cluster may be
the most suitable for immunotherapy. However, cluster 2 did not
show a matching survival advantage (Figure 2). Although cluster 2 is
a T-cell activated state (CD8" T cell), the higher stromal cell
activation indicates that high levels of CD4(+) T-cell-mediated,
Treg infiltration and dendritic cell (poor antigen presentation
capacity) effect

(Supplementary Figure S1) (Wang et al., 2012).

may be induced immunosuppressive
These results also indicate that cluster 2 can be classified as an
Cluster 1 the
intermediate phenotype, and the prognostic analysis results
best

prognosis of the three. We attributed this result to the optimal

immune-inflamed  phenotype. represents

indicated that this cluster was associated with the

localization and migration of T cells, which is essential for immune
surveillance and the inhibition of tumor initiation (Smyth et al,
2016). In contrast, cluster 3 was negatively associated with the
pathways linked to cluster 2 and featured low levels of immune cell
infiltration, which is associated with immune tolerance and
ignorance. Our analyses indicated that the dense stromal status
in cluster 3 might influence the migration and activation of T cells,
resulting in an immune-desert phenotype (Kim and Chen, 2016).
To confirm the above findings, we performed a validation study in
an independent TCGA-LUAD cohort. By analyzing TME immune
cell infiltration and conducting enrichment analyses, we
demonstrated the reliability of the TPCs for the identification
and classification of immune phenotypes.

We have shown that TPRs are crucial mediators of multiple
T cell functions and adaptive immune responses. However, we
were unable to apply TPC analysis to individuals, as TPCs are a
population-based tool. To account for the individual heterogeneity
and complexity, a TPR risk model was established as a scoring
system to evaluate and quantify the TPR patterns of individual
LUAD patients. The low-risk group was classified as the enhanced
T cell infiltration phenotype. This group was enriched in immune-
related signaling pathways and was associated with a better
prognosis. Conversely, the high-risk group was classified as the
immune-excluded phenotype and was enriched in stromal cell-
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associated pathways, which restrict T cell entry into tumor islets by
inhibiting their migration and penetration (Salmon et al,, 2012). In
addition, cluster 2, characterized by an immune-inflamed
phenotype, was associated with a higher risk and a poor
prognosis, whereas cluster 1 exhibited a lower risk and a better
prognosis. These results demonstrated the feasibility and reliability
of the risk model for assessing TPR patterns and prognosis in
individuals with LUAD.

Checkpoint blockade therapy has shown surprising efficacy
in the treatment of multiple cancers, especially in patients with an
immune-inflamed TME (Kim and Chen, 2016; Cao et al., 2021).
However, immune escape remains a major obstacle to achieving
an extended OS in patients with solid tumors, including LUAD
(Anichini et al., 2020). Many factors contribute to immune
escape in LUAD, such as impaired antigen presentation, loss
of heterozygosity in the human leukocyte antigen region,
neoantigen silencing, and activation of immune checkpoints
(Gajewski et al., 2013; Anichini et al., 2020). We successfully
employed TPC analysis to distinguish among the immune
phenotypes of the LUAD patients. We hypothesized that
TPCs are associated with TMB and that TPCs can be used to
the blockade
immunotherapies. Consistent with previous reports, patients
in cluster 2 with a high TMB (>10 Mb) and low TIDE score
had a better response to PD-1/PD-L1 blockade therapy (Figures
4G-J) (Chan et al, 2019). In addition, the low-risk group was
more susceptible to ipifarnib and nilotinib, both of which inhibit
PD-1/PD-L1 directly or indirectly (Jackson et al., 1986; Tracy
et al., 2022). Altogether, our results confirmed that TPCs are a
valuable tool for predicting drug sensitivity and immunotherapy

predict clinical response to checkpoint

responses in patients with LUAD.

In summary, the TPR-related risk model exhibited reliability
when used to evaluate the mutation features, degree of immune
infiltration, and clinicopathological characteristics of individuals
with LUAD. Moreover, the risk score served as a prognostic
factor for predicting the prognosis of patients with LUAD and as
a predictive factor for drug sensitivity. By developing a TPR-
related risk model, our study provides novel insights into
immunotherapy strategies.
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Background: EMILIN2 is a platelet-associated elastin that regulates
angiogenesis. It has recently been found to play an essential role in various
tumors. Nevertheless, the mechanism of action of EMILIN2 in clear cell renal
cell carcinoma (ccRCC) remains unclear.

Methods: Samples from 33 cancers were obtained from UCSC Xena and The
Cancer Genome Atlas (TCGA) database. The relationship between
EMILIN2 expression and the clinicopathological characteristics and immune
infiltration of ccRCC was investigated. Nonnegative matrix factorization (NMF)
was used to classify ccRCC patients. A multigene risk prediction model of
ccRCC was constructed using LASSO regression and multivariate regression
analysis. A nomogram survival probability prediction map and calibration curve
were constructed based on clinical information.

Results: EMILINZ2 is significantly overexpressed in ccRCC, a phenomenon that is
associated with poor prognosis. Meanwhile, EMILIN2 expression is closely
related to tumor immune infiltration in ccRCC. Patients with clear cell renal
cell carcinoma were divided into two subtypes using NMF, with subtype
2 showed poor prognosis. Next, we established a risk score model for
ccRCC based on the common differentially expressed genes (DEGs)
between subtypes and groups based on EMILIN2 expression. The results
indicated poor prognosis in the high-risk group in the training set and were
confirmed in the validation set.

Conclusion: Our findings suggest that EMILIN2 expression is closely associated
with immune infiltration in ccRCC. EMILINZ2 expression is negatively correlated
with the prognosis of ccRCC patients. Here, we developed a tool that could
predict the prognosis of ccRCC patients.

KEYWORDS

EMILIN2, clear cell renal cell carcinoma (ccRCC), prognosis, tumor microenvironment,
nonnegative matrix factorization (NMF)
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Introduction

Clear cell renal cell carcinoma is the most common form of
renal cancer. The occurrence of ccRCC is associated with
multiple factors, such as smoking, drugs, obesity and others
(Koul et al, 2011).
carcinoma have a high probability of tumor metastasis. At

Patients with clear cell renal cell
present, there are two main treatment methods for ccRCC:
surgical treatment and immunotherapy. If the disease is
confined to the kidney in the early stage, surgical resection
may be considered (Petejova and Martinek, 2016). If the
tumor exhibits metastases, whether local or systemic, the
survival rate is dramatically reduced (Siegel et al, 2019).
However, the form of cytotoxic chemotherapy currently used
is not very effective for the treatment of ccRCC. Molecular
targeted drugs such as tyrosine kinase inhibitors (TKIs) and
vascular endothelial growth factor receptor (VEGFR) inhibitors
are often used to treat ccRCC patients because of the strong
dependence of the tumor on angiogenesis (Vuong et al., 2019).

The degree of immune infiltration in ¢ccRCC is also high
the

microenvironment plays a critical role in the treatment of

among various cancers. Because complex tumor
patients, the study of the tumor microenvironment is closely
related to the identification of relevant factors and the
development of drugs. Commonly used immune checkpoint
inhibitors (ICI) that block the inhibitory receptor on PD-1/
PD-L1 or CTLA-4 T cells have been shown to be very
effective against this cancer type (Motzer et al., 2015; Motzer
et al.,, 2018).

EMILIN?2 is located on the short arm of human chromosome
18, encoding an extracellular matrix glycoprotein with a relative
molecular mass of 116 kD and five protein domains: C-terminal
Cl1q domain, proline-rich domain, collagenous domain, coiled-
coil domain, and N-terminal cysteine-rich domain (EMI
domain) (Bressan et al, 1993; Colombatti et al., 2000).
EMILIN2 has been shown to bind to EMILINI. Both are
elastin microfiber interface proteins that play an important
role in imparting elasticity to tissue and blood vessels
(Colombatti et al., 2000). Several studies have shown that
EMILIN2 is associated with anti-PD1 therapy in melanoma
(Fejza et al, 2021). In gastric cancer, EMILIN2 regulates the
proliferation of cancer cells through apoptosis (Andreuzzi et al.,
2020). The loss of EMILIN2 expression leads to defective
angiogenesis (Paulitti et al., 2018).

Although large body of evidence indicates that EMILIN2 is
associated with tumor immunity and angiogenesis in various
cancers, the role of EMILIN2 in ccRCC remains elusive.
Investigation into the role of EMILIN2 in c¢cRCC may help
improve our understanding of the occurrence, progression,
and metastasis of ccRCC and aid the development of new
therapeutic strategies. In this study, we identified EMILIN2 as
an independent prognostic factor in ccRCC patients. High
EMILIN2 expression was found to predict poor prognosis in
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ccRCC patients. EMILIN2 expression is strongly associated with
cancer progression in ccRCC patients. Immune checkpoint,
immune infiltration and enrichment analyses revealed that
EMILIN2 expression was significantly associated with the
ccRCC patients. And we developed a
comprehensive prognostic model of ccRCC with good

immunity of

performance.

Methods and materials
Data access

We obtained the RNA-sequencing data and clinical data of
33 types of cancer patients from UCSC Xena (https://xenabrowser.
net/datapages/) and TCGA database (https://www.cancer.gov/about-
nci/organization/ccg/research/structural-genomics/tcga), including
age, gender, tumor stage and survival data. The gene expression
dataset format is TPM. The data set of ccRCC contained 531 cancer
tissue samples and 72 adjacent tissue samples. The immune, matrix
and ESTIMATE scores of patients were calculated by ESTIMATE
(Yoshihara et al, 2013) (https://bioinformatics.mdanderson.org/
estimate/rpackage.html).

Determination of tumor-infiltrating
immune cells in clear cell renal cell
carcinoma

We calculated the respective scores of 27 immune cells in
ccRCC patients by single sample gene set enrichment
analysis. These cell types are activated CD4" T cell,
activated CD8" T cell, activated dendritic cell, CD56 bright
natural killer (NK) cell, central memory CD4" T cell, central
memory CD8" T cell, NK cell, NK T cell, type 1 T helper cell,
type 17 T helper cell, CD56 dim NK cell, immature dendritic
cell, macrophage, myeloid derived suppressive cell (MDSC),
neutrophil, plasmacytoid dendritic cell, regulatory T cell
(Treg), type 2 T helper cell, activated B cell, eosinophil,
gamma delta T cell, immature B cell, mast cell, memory
B cell, monocyte and T follicular helper cell (Foroutan
et al., 2018).

Gene set enrichment analysis

In this analysis, the clusterProfiler package was used to
analyze the pathway changes between patients. Patients were
divided into high and low groups according to the median
EMILIN2 expression by limma, and the DEGs were obtained
(Ritchie et al., 2015). Then the clusterProfiler package was used to
perform KEGG and GO enrichment analysis for these DEGs
(Wu et al., 2021).
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Molecular subtyping was performed using
a non-negative matrix factorization (NMF)
algorithm

We performed Cox regression analysis the
CancerSubtype package to identify the gene sets of
27 immune cell types obtained from the TISIDB (Xu et al,
2017)  (http://cis.hku.hk/TISIDB/data/download/CellReports.
txt). Following this, the NMF clustering algorithm was used to

using

cluster ccRCC samples based on the screened genes (Brunet et al.,
2004). The NMF package was used for NMF analysis. In the NMF
method, the standard “Brunet” option was selected, and data
were subjected to 50 iterations. The number of clusters “k”
ranged from 2 to 10. Finally, the optimal number of clusters
was found to be 2. The DEGs between molecular subtypes were
identified using the limma package.

Development and validation of the risk
scoring model

After the common DEGs between the molecular subtypes
of ccRCC and between high- and low-EMILIN2 expression
groups were identified, ccRCC samples were divided into the
training and validation sets in an 8:2 ratio. Following this, we
calculated the score by LASSO
multivariate regression analysis based on “risk scores =

risk regression and
Y coef* Exp (genes).” Based on the findings, a six-gene
prognostic model was established. We then used the ROC
curve to assess the ability of this feature to predict patient
survival in the high-risk and low-risk groups.

We selected the immunohistochemical staining images of
these model genes in normal tissues and ccRCC tissues from the
Human Protein Atlas database (http://www.proteinatlas.org).

Construction of nomogram

To assess the predictive accuracy and importance of risk
models and clinical characteristics, we analyzed the predictive
relationships among age, sex, and TNM stage. And the
importance of examining the RiskScore factors from one or
more perspectives. Then the nomogram model including age,
gender, TNM stage and risk score was constructed. Nomogram
calibration plots were used to compare predicted survival events
at 1, 3, and 5 years with actual observations.

Cell lines and quantitative polymerase
chain reaction

The human c¢cRCC cell line (786-O) and human renal epithelial

cell line (293T) wused for reverse-transcription-quantitative
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polymerase chain reaction (RT-qPCR) in this study were
purchased from Procell (Wuhan, China). Total RNA was isolated
using Trizol (Takara, Japan). HiScript III RT SuperMix for qPCR
(+gDNA Wiper) (Nanjing, China) was used for cDNA synthesis.
qPCR was performed using the SYBR Green assay according to the
manufacturer’s protocol. Then the mRNA expressions of TNNT1,
SAAI, IL20RB, COL22A1, B3GALTS5, and C100rf99 were analyzed.
The following primers were used for RT-qPCR:TNNTI,
forward:5'-TGATCCCGCCAAAGATCCC-3'; TNNT1, reverse:
5'- TCTTCCGCTGCTCGAAATGTA-3'; SAAI, forward:5'-
GATCACCGATGCCAGAGAGA-3'; SAAI1, reverse:5'- TTT
GTATCCCTGCCCTGAGG-3; IL20RB, forward:5'- GGCCAC
TGTGCCATACAAC-3"; IL20RB, reverse:5'- TCTTTGGTG
ATCTCCATCCCA -3'; COL22Al1, forward:5'- CCTAGCGTT
CGTGTAGAAGGA-3'; COL22Al, reverse:5'- CCCATCCGT
ACATAGGAACTCT-3'; B3GALT5, forward:5’- AAGCTC
CCAGATACAGACTGC-3"; B3GALTS5, reverse:5’- TGGTCC
ACCTCTTTCGTTTCC-3'; Cl00rf99, forward:5’- CCGGTC
ACAGCTACAAATCC-3'; Cl00rf99, reverse:5'- TCAGGA
GGCTAGGAAGGGAT-3; GAPDH,forward: 5-GGA
GCGAGATCCCTCCAAAAT-3'; and GAPDH,
GGCTGTTGTCATACTTCTCATGG-3'.

reverse:5'-

Statistical analysis

All data analyses were based on R software (software version
4.0.2). We then used Student’s t-test to calculate the significance
of the difference between the two groups. p-value greater than
0.05 was considered significant.

Result

Elastin microfibril interfacer 2 is expressed
at high levels in clear cell renal cell
carcinoma and indicates a poor prognosis

To the effect of EMILIN2 on various cancer types, we
analyzed the EMILIN2 expression in cancer tissues and
adjacent tissues in 33 types of cancer using data from
TCGA. EMILIN2 was found to be expressed differentially
types (p < 0.05).
EMILIN2 expression was significantly up-regulated in

in various cancer For example,
cholangiocarcinoma, colon adenocarcinoma, and ccRCC
(Figure 1A). Concurrently, we analyzed the prognosis of
EMILIN2 in these 33 cancers. EMILIN2 was found to have
prognostic significance in five cancers. For example, high
EMILIN2 led

adrenocortical carcinoma,

expression to poor prognosis in
ccRCC, brain bower grade
glioma, testicular germ cell tumors and uveal melanoma
(p < 0.05) (Figure 1B). Interestingly, EMILIN2 was

differentially expressed only in ¢ccRCC (p < 0.0001) and
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FIGURE 1

Pan-cancer analysis and expression analysis of EMILIN2 (A) EMILIN2 expression in different cancers, *p < 0.05, **p < 0.01, ***p < 0.001, ns refers
to not significant. (B) The survival map of EMILIN2 in different cancers. (C) EMILIN2 expression in different tumor stages, *p < 0.05, **p < 0.01, ***p <
0.001, ns refers to not significant. (D) EMILIN2 expression in tumor tissues and its paired adjacent tissues, *p < 0.05, **p < 0.01, ***p < 0.001, ns refers

to not significant.

showed prognostic power. In order to study the relationship
between ELIMIN2 expression and tumor stage, we analyzed
the EMILIN2 expression in ccRCC patients using TNM stage
information. The results that the
EMILIN2 expression was significantly different in different
tumor pathological stages. For example, EMILIN2 expression
is significantly higher in patients with distant metastasis (n.s.,

showed
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not significant; *p < 0.05, **p < 0.01, **p < 0.001)

(Figure  1C).  These results indicate that the
EMILIN2 expression is closely related to tumor
progression. In addition, we analyzed the

EMILIN2 expression in paired ccRCC and adjacent normal
tissues, and found that the EMILIN2 expression was
significantly higher in tumor tissue samples (Figure 1D).
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cells.

Elastin microfibril interfacer 2 is associated
with multiple immune checkpoints

The study of immune checkpoint is crucial for the
treatment of cancer. To analyze the relationship between
EMILIN2 and immune checkpoints, ccRCC patients were
divided into high and low groups according to the median
EMILIN2 expression. The results showed that several
checkpoints including CTLA-2, PDCD1, LAG3, and TIGIT
were significantly overexpressed in the EMILIN2 high
expression group (Figure 2A). This indicates that the group
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with high EMILIN2 expression may have a better effect on
immunotherapy.

Analysis of tumor immune infiltration with
elastin microfibril interfacer 2

The tumor microenvironment is composed of immune cells
and stromal cells in addition to tumor cells. The complexity of
tumor microenvironment has a significant impact on tumor
treatment. To analyze the relationship between ELIMIN2 and
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The ccRCC patients were divided into two subtypes by NMF algorithm (A) The best rank value was selected according to the Cophenetic value.
(B) Cluster heatmap of two clusters (k = 2). (C) Principal component analysis of two subtypes. (D) The survival map of the two subtypes. (E)The
differences in immune cell fractions among subtypes, *p < 0.05, **p < 0.01, ***p < 0.001, ns refers to not significant.

tumor microenvironment, we calculated the immune score,
stromal score, and ESTIMATE score of ccRCC patients by
ESTIMATE. The results showed that the patients with high
ELIMIN2 expression had immune score, stromal score, and
ESTIMATE score (p < 0.0001) (Figure 2B). These evidences
indicate that EMILIN2 is closely related to the tumor
microenvironment.

To further analyze which immune cells were associated with
EMILIN2, we calculated the scores of 27 types of immune cells in
ccRCC patients by ssGSEA and found that EMILIN2 was
significantly positively correlated with all 27 types of immune cells
(p < 0.05) (Figure 2C). These evidences suggest that EMILIN2 is
closely related to immune infiltration in ¢cRCC patients.
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Patients with clear cell renal cell
carcinoma can be categorized into two
subtypes based on the findings of the
nonnegative matrix factorization
algorithm

We obtained the gene sets of 27 immune cell types (749 genes
in total) that showed a significant positive correlation with
EMILIN2. Next, we conducted multivariate regression analysis
using the CancerSubtypes package for feature screening and
identified 285 genes. Based on TCGA data, ccRCC patients
were classified according to the genes expressed using the
NMEF package. The best value of K was 2 (Figure 3A). Finally,
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ccRCC patients were divided into two subtypes (Figure 3B). PCA
was performed to evaluate the results of NMF typing, results
indicated that the two subtypes showed significant differences
(Figure 3C). Moreover, a significant difference was observed
between in the survival of patients with the two subtypes of
cancer. Patients with subtype 1 ccRCC had better overall survival,
whereas patients with subtype 2 ccRCC had poor overall survival
(Figure 3D).

To investigate the differences between subtypes 1 and 2, we
analyzed immune cell infiltration in these two subtypes. Most
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immune cells, such as activated B cells, type 2 T helper cells,
activated CD4" T cells, macrophages, natural killer T cells,
effector memory CD4" T cells, type 1 T helper cells, t follicular
helper cells, regulatory T cells, activated dendritic cells, effector
memory CD8" T cells, central memory CD8" T cells, activated CD8*
T cells, gamma delta T cells, monocytes, MDSCs and central
memory CD4" T cells were more enriched in subtype 2 than
subtype 1. Meanwhile, only a few immune cells were enriched in
subtype 1, such as neutrophils, memory B cells and immature
dendritic cells (Figure 3E).
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Construction of a risk-score model for
clear cell renal carcinoma

We analyzed the DEGs between the two subtypes and
identified 355 upregulated and 478 downregulated genes. In
addition, we identified the DEGs between patients in high and
the
EMILIN2 expression. Seventy-nine genes were upregulated and

low  expression  groups according to median

two genes were downregulated. Next, we evaluated the intersection
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of DEGs in the high and low EMILIN2 expression groups and the
DEGs in the two subtypes of ccRCC to obtain a total of 59 genes
(Figure 4A). These genes are associated with TGF-beta signaling
pathway, cytokine-cytokine receptor interaction, viral protein
interaction with cytokine and cytokine receptor, IL-17 signaling
pathway and transcriptional misregulation in cancer (Figure 4B).
Next, after excluding patient samples without survival data,
529 ccRCC patients were categorized in a training set and a
validation set in an 8:2 ratio.
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In the training set, we used LASSO regression to screen genes
closely associated with patient prognosis among the 59 genes.
The overfitting effect was overcome by ten-fold cross-validation,
and the best A value obtained was 0.016 (Figure 4C). The hazard
ratios (HR) of TNNTI1, SAA1, IL20RB, and COL22A1 were
greater than 1, suggesting that these were risk genes. The HR
values of B3GALT5 and C100rf99 were less than 1, suggesting
these were protective genes (Figure 4D). We calculated the risk
score for each ccRCC patient using the following formula:Risk
score=(0.11597*TNNT1)+(0.07741*SAA1)+(0.15255*IL.20RB)+
(0.10302*COL22A1)+(~0.11426*B3GALTS5)+(~0.09019*C100rf99).
We used RT-qPCR to analyze the mRNA expression levels of
the six genes in 786-0 cells (derived from the renal epithelial
cells of ccRCC patients) and 293T cells (human renal epithelial
cells). TNNT1 and IL20RB had higher mRNA expression levels
in 293T cells, SAA1 and B3GALTS5 had higher mRNA
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in 786-O and C100rf99
showed no significant difference in mRNA

expression levels cells, and
COL22A1
expression levels in the 2 cell types (Figure 4E).

We analyzed the protein expression levels of the six model
genes using the Human Protein Atlas database. TNNTI,
COL22A1, and C100rf99 showed no significant difference in
expression between cancer tissues and normal tissues,
B3GALT5 expression was relatively high in cancer tissues,
whereas SAA1 and IL20RB did not show protein expression

(Supplementary Figures S1A-D).
Prognostic value of the risk score model

Following this, we calculated the ROC value of the model in
the training set. The model showed good risk prediction potential
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at 1, 3, and 5 years. The AUC value of the 1-year prediction was
0.79, that of the 3-year prediction was 0.73, and that of the 5-year
prediction was 0.74 (Figure 5A). Similarly, in the validation set,
the AUC of the model was 0.78 for the 1-year prediction, 0.69 for
the 3-year prediction, and 0.7 for the 5-year prediction
(Figure 5B).

We then categorized the patients in the training set into high-
risk and low-risk groups according to their median risk score. As
the risk score increased, the number of patients who died also
increased (Figure 5C). Similarly, the data in the validation set
showed consistently changes (Figure 5D). In addition, we also
analyzed the survival of patients in the high-risk and low-risk
groups. Patients in the high-risk group showed a very poor
prognosis in the training set (Figure 5E). In the validation set,
patients in the high-risk group also showed a poor prognosis
(Figure 5F).

The nomogram was constructed and
verified by combining clinical data

We analyzed the expression of six genes from the risk score
model in all ccRCC patients. These six genes were found to be
expressed differently in patients with different risk scores
(Figure 6A). We then performed multivariate regression
analysis by combining the risk scores of patients with clinical
data to explore the association between the risk scores and
clinical characteristics. Older age, advanced T stage, distant
metastasis of the tumor, and a high risk score were identified
as significant risk factors (Figure 6B). Previous analyses showed
that the risk score value was significantly associated with patient
survival. To develop a more accurate clinical prediction method
for ccRCC patients, we constructed a comprehensive nomogram
model combining the patient’s risk score, gender, TNM stage,
and age, which could be used to predict the 1-year, 3-year, and 5-
year survival of patients (Figure 6C). Moreover, according to the
results of the calibration map for patient survival prediction, the
prediction results of the nomogram were in good agreement with
the actual observation (Figure 6D). In conclusion, our analysis
revealed that the constructed nomogram showed good
performance in predicting the survival of ccRCC patients.

Pathway enrichment analysis

The ccRCC samples (cancer tissues and adjacent tumor
samples) were divided into high and low expression groups
according to the median expression of EMILIN2. Using the
limma package, 366 DEGs were obtained, of which 235 genes
were upregulated and 131 genes were downregulated. To explore
the potential functions of these DEGs, we analyzed the biological
pathways that these genes are associated with using the
clusterProfiler package. In KEGG pathway analysis, cytokine-
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Cytokine_receptor_interaction, TCR signaling pathway, IL-17
signaling pathway, and natural killer cell-mediated cytotoxicity
were significantly upregulated (Figure 7A). GO analysis revealed
that these DEGs were significantly enriched in cellular defense
response, regulatory T-cell differentiation, and B-cell-mediated
immunity in biological processes. Moreover, these DEGs were
significantly enriched in the basolateral plasma membrane in
cellular components and significantly enriched in MHC class IB
protein binding and MHC protein binding in molecular function
(Figure 7B). This finding suggests that DEGs are associated with
many important immune processes associated with T cells and
B cells and may play an important role in tumor immunity in
patients. The finding also indicates that EMILIN2 expression is
closely associated with the immunity of patients. In addition, IL-
17 signaling was found to affect angiogenesis, suggesting that
EMILIN2 expression may be associated with angiogenesis in
ccRCC.

Discussion

Clear cell renal cell carcinoma, the most common type of renal
cancer, is a tumor highly dependent on vascular survival. At present,
surgical treatment and immunotherapy are the major approaches
used to treat patients with this cancer type (Siegel et al., 2019).
Several immunotherapeutic drugs have been developed for treating
ccRCC (Motzer et al., 2018) (Motzer et al., 2015). However, owing to
the complexity of the tumor microenvironment, killing and
removing tumor cells by immunotherapy is a complex process,
and achieving good effectiveness is not feasible. Therefore,
continuous exploration of the tumor microenvironment and the
search for better immunotherapeutic agents remains a major
challenge. Identifying new novel biomarkers that are closely
related to patient immunity and survival is also of great significance.

In this study, bioinformatics analysis showed that EMILIN?2,
a gene that regulates angiogenesis, was significantly upregulated
in ccRCC patients and had prognostic potential. Concurrently,
EMILIN2 expression was found to be closely related to the
immune status of ccRCC patients. EMILIN2 expression was
found to be significantly correlated with multiple immune
markers and immune cells. We then obtained the gene sets of
these immune cells and performed the molecular typing of
ccRCC patients using the NMF algorithm. Patients with clear
cell
EMILIN2 expression, and the intersection of genes showing

renal cell carcinoma were grouped according to
differential expression in different groups and subtypes was
obtained. Based on this, a six-gene model was constructed and
verified by LASSO regression and multivariate regression
analysis. We then developed and validated a comprehensive
nomogram model by combining risk scores and clinical data.
We first analyzed the EMILIN2 expression in 33 cancer types
and its ability to predict patient survival. EMILIN2 showed a

significant differential expression in ccRCC and indicated poor
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prognosis. Thus, EMILIN2 expression was closely related to the
prognosis of ccRCC. Following this, we investigated the
association between EMILIN2 and immune checkpoints, and
found that the group with high EMILIN2 expression showed the
up-regulation of immune checkpoints. This implies that
EMILIN2 expression has some potential effect on the
immunotherapy of patients. We then calculated the immune,
stromal and ESTIMATE scores of ccRCC patients using
ESTIMATE, which is often used to study the tumor
microenvironment and explore immune and stromal cells in
the tumor microenvironment of different patients. Patients with
high EMILIN2 expression also showed a significant increase in
This that
EMILIN2 expression affects the tumor microenvironment in

immune and stromal scores. indicates
ccRCC. The study of the complex tumor microenvironment is
of great significance in the treatment of patients with tumor.
These findings suggest that EMILIN2 may play an important role
in tumor development, metastasis and immune response.

To explore the immune cells EMILIN2 might be associated
with, we used ssGSEA to calculate the scores for 27 types of
ccRCC

EMILIN2 expression was positively correlated with the scores of

immune  cells in patients.  Interestingly,
27 immune cell types, especially T cells. Thus, EMILIN2 expression
affects the extent of infiltration of various immune cells in tumors.
The tumor infiltration level of immune cells is an important index
for prognostic judgment and evaluating therapeutic effects.
Therefore, EMILIN2 has extremely important research value in
the study of immune invasion of tumors. Next, we identified DEGs
between the high and low EMILIN2 expression groups. KEGG
pathway enrichment results revealed that these DEGs were
significantly enriched in immune and vascular pathways, such as
the TCR signaling pathway and IL-17 signaling pathway. Many
studies have shown that the TCR signaling pathway plays an
important role in tumor immunity, and the downstream
signaling pathway mediated by the TCR signaling pathway plays
a key role in promoting the anti-tumor immunity of CD8" T cells.
The interaction of T cell receptors with MHC antigenic peptide
complexes leads to changes in T cells at the molecular and cellular
levels and mediates the activation of various genes (Shah et al,
2021). The IL-17 signaling pathway is associated with angiogenesis,
and IL17 is an important pro-inflammatory factor. IL-17 can
promote the activation of the STAT3 signal transduction
pathway through the intermediate mediator IL-6 in tumor cells.
This leads to the upregulation of angiogenic factors, thereby
promoting tumor angiogenesis (Yu et al., 2007; Lavecchia et al.,
2011; Zhang et al, 2012). Previous studies have shown that
EMILIN2 regulates

EMILIN2 expression in gastric cancer was found to be related

angiogenesis. For example,
to angiogenesis (Andreuzzi et al., 2020). Collectively, these results
suggest that the DEGs are involved in various immune processes
affect This that

EMILIN2 expression is significantly associated with tumor

and  may angiogenesis. indicates

immunity.
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We divided ccRCC patients into two subtypes by screening
signature genes from the gene set of 27 immune cell types. We
identified 835 DEGs while analyzing differences in the expression
between subtypes.

To further investigate the factors affecting the survival of
ccRCC patients, we studied the intersection of the DEGs with the
DEGs in the high and low EMILIN2 expression groups. These
DEGs was associated with the TGF-beta signaling pathway,
Cytokine—cytokine receptor interaction, Viral
with  cytokine cytokine
IL-17 signaling pathway and Transcriptional misregulation in

protein
interaction and receptor,
cancer were significantly correlated. In the training set, we
constructed a 6-gene risk score model based on the 59 genes
by combining lasso regression and multivariate regression. We
then confirmed the predictive ability in the validation set.
TNNT1, SAA1, IL20RB, and COL22A1 are risk factors for
ccRCC, whereas B3GALT5 and Cl0orf99 act as protective
factors when these six genes are expressed at high levels.
TNNT1 was shown to be associated with various cancers,
such as colorectal cancer (Chen et al., 2020). It was shown to
promote the progression of colorectal cancer (Hao et al., 2020).
In addition, TNNT1 may also promote the proliferation of breast
cancer cells by promoting G1/S phase transition (Shi et al., 2018).
SAA1 is transcriptionally activated by STAT3 and accelerates
renal interstitial fibrosis by inducing ER stress (Zhang et al,
2021). Concurrently, high SAAI expression is associated with
poor prognosis in advanced renal cell carcinoma (Li et al., 2021).
IL20RB overexpression can promote cell proliferation, invasion
and migration of papillary renal cell carcinoma. And its
overexpression can lead to a poor prognosis in patients (Cui
et al,, 2019). COL22A1 plays an important role in maintaining
vascular homeostasis. In addition, COL22A1 mutation may be
closely associated with the occurrence of intracranial aneurysms
(Ton et al.,, 2018). High B3GALT5 expression is associated with
tumor progression and the metastasis of breast cancer, and may
lead to a poor prognosis for patients with breast cancer (Liao
et al,, 2021). C100rf99 is associated with the proinflammatory
response of skin keratinocytes and affects skin barrier formation
(Dainichi 2022).
C100rf99 expression may induce Gl arrest, leading to the
inhibition of colon cancer cell growth (Pan et al., 2014). RT-
qPCR results revealed that the mRNA expression levels of
TNNT1 and IL20RB in 293T cells were higher than those in
786-0 cells, indicating that TNNT1 and IL20RB expression in
786-0 cells were limited compared with 293T cells. Also, RT-
qPCR analysis showed that the mRNA expression levels of
SAA1 and B3GALTS5 in 786-O cells were higher than those in
293T cells, which may be an important factor affecting the

et al., Meanwhile, in colon cancer,

survival of ccRCC patients. In addition, the mRNA expression
levels of C100rf99 and COL22A1 in these 2 cells were not
significantly different. In conclusion, these expression of these
six genes is closely related to the occurrence, and progression of
cancer and angiogenesis in tumors. Thus, these genes have
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significant research value. The findings also indicate the
the Next, a
comprehensive nomogram model was established and verified

reliability  of risk score model. more
by combining the risk score with clinical information.
However, our study may have had certain limitations,
primarily because of the limited number of samples. Thus,
further experiments are needed to verify the role of these six
model genes. Although EMILIN2 was shown to affect
angiogenesis, further experimental investigation is needed to
confirm whether it affects tumor immunity by regulating

angiogenesis in ccRCC.

Conclusion

The strengths of our study are the detailed analysis of the
association of EMILIN2 in tumor immunity, the molecular
typing of ccRCC, and the development of a 6-gene prognostic
model with a high AUC value. Then a comprehensive nomogram
model was established to predict the 1/3/5-year survival rate of
ccRCC patients
conclusion, our study suggests that EMILIN2, a gene that

combined with clinical information. In

regulates
candidate marker for the treatment of ccRCC patients.

angiogenesis, may be a potential target and
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Immunogenic cell death (ICD) is a form of regulated cell death that elicits
immune response. Common inducers of ICD include cancer chemotherapy
and radiation therapy. A better understanding of ICD might contribute to modify
the current regimens of anti-cancer therapy, especially immunotherapy. This
study aimed to identify ICD-related prognostic gene signatures in breast cancer
(BC). An ICD-based gene prognostic signature was developed using Lasso-cox
regression and Kaplan-Meier survival analysis based on datasets acquired from
the Cancer Genome Atlas and Gene Expression Omnibus. A nomogram model
was developed to predict the prognosis of BC patients. Gene Set Enrichment
Analysis (GESA) and Gene Set Variation Analysis (GSVA) were used to explore the
differentially expressed signaling pathways in high and low-risk groups.
CIBERSORT and ESTIMATE algorithms were performed to investigate the
difference of immune status in tumor microenvironment of different risk
groups. Six genes (CALR, CLEC9A, BAX, TLR4, CXCR3, and PIK3CA) were
selected for construction and validation of the prognosis model of BC based
on public data. GSEA and GSVA analysis found that immune-related gene sets
were enriched in low-risk group. Moreover, immune cell infiltration analysis
showed that the immune features of the high-risk group were characterized by
higher infiltration of tumor-associated macrophages and a lower proportion of
CD8* T cells, suggesting an immune evasive tumor microenvironment. We
constructed and validated an ICD-based gene signature for predicting
prognosis of breast cancer patients. Our model provides a tool with good
discrimination and calibration abilities to predict the prognosis of BC, especially
triple-negative breast cancer (TNBC).
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Introduction

Breast cancer (BC) is the most prevalent cancer worldwide,
causing 685,000 deaths in 2020, approximately 17% of cancer
deaths in females (Sung et al., 2021). BC is a heterogeneous
disease characterized by molecular and histological evidence.
Treatment approaches and outcomes differ between subtypes.
Hormone receptor [estrogen receptor (ER), progesterone
receptor (PR)] and human epidermal receptor 2 (HER2)
categorize BC into molecular subtypes, and also serve as
prominent prognostic biomarkers (Pashayan et al, 2020).
Other frequently utilized prognosis predictors in clinical
practice include tumor size, tumor grade, the presence and
and ki-67
(Donegan, 1997). In recent years, high-throughput sequencing

number of axillary node metastases index
technologies have made identifying novel biomarkers more
achievable. The PAM50 assay, developed on the expression
levels of selected gene signatures, aids to risk stratification
(Ellis 2011).

Oncotype DX, another validated multigene test, contributes to

strategies and treatment decisions et al,
screening patients with high risk of recurrence and can
potentially benefit from adjuvant chemotherapy (Mariotto
et al., 2020).

Cancer cells constantly interact with their microenvironment,
especially immune cells. Immune cell-associated parameters, such
as Immunoscore, have shown promising value for predicting
clinical outcomes (Pages et al., 2018; Galon and Bruni, 2020).
Immunogenic cell death (ICD) refers to a cell death process that
elicits immune response, which has been widely explored in vivo
and in vitro, and is reviewed in detail by Kroemer et al. (2022).
Cancer cells that undergo ICD generate tumor-specific immunity
and long-term immunological memory (Krysko et al,, 2012). Anti-
cancer treatments, mainly conventional chemotherapeutics and
radiation therapy can act as cellular stressors, inducing the
emission of damage-associated molecular patterns (DAMPs) by
cancer cells and activating downstream danger signaling (Galluzzi
et al, 2017). ICD-related DAMPs, including surface-exposed
calreticulin (CRT), secreted ATP and high mobility group
protein Bl (HMGBI) can be recognized by pattern recognition
receptors (PRRs) that are expressed by immune cells, resulting the
activation of tumor suppressing immune response [recruitment of
antigen presenting cells (APCs) and T cells, etc.] (Galluzzi et al.,
2020b). HMGBI is positively correlated with overall survival in BC
patients received neo-adjuvant chemotherapy (Exner et al., 2016).
Reciprocally, tumor cells can subvert ICD through loss or
downregulation of essential components in danger signaling
(Galluzzi et al, 2017). Harnessing ICD or targeting ICD
subversion strategies may provide new solutions to cancer
treatment.

In this study, we screened ICD-associated biomarkers and
developed a that predicts the
microenvironment, and prognosis in BC patients.

risk  model immune
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Materials and methods
Datasets

The gene expression profiles and clinicopathological data of
TCGA-BRCA (n = 1,218) were accessed through UNSC Xena
(https://xena.ucsc.edu/). validation,

For external raw gene

expression and clinical data (n = 123) were directly accessed
through the Gene Expression Omnibus (GEO; accession
number: GSE37181; https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgitacc=GSE37181). The immunotherapy dataset were
downloaded from GEO (accession number: GSE194040; https://

www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE194040).

Identification of differentially expressed
genes

Differential expression analysis of cancer (n = 1,097) and
normal (n = 121) samples was performed using the
DESeq2 R package (1.35.0). The screening criteria for mRNAs
differential expression were determined as p value < 0.05 and
absolute fold-change >1.5.

Consensus clustering

The R package ConcensusClusterPlus (1.59.0) was utilized to
conduct consensus clustering to identify molecular subtypes
according to a selected list of ICD-related genes based on
the
K-means algorithm, and assessed the ideal cluster numbers

previous research. We performed clustering using
between k = 2-10. This process was repeated 1,000 times to

ensure the results were stable.

Construction of the immunogenic cell
death-related risk score

Among 1,218 breast cancer samples, 399 samples without overall
survival (OS) information and 60 samples with an observation time
of 0 month were excluded. The remaining 759 samples were included
for subsequent analyses. Kaplan-Meier analysis was performed to
identify ICD-related DEGs with an impact on OS, using R packages
survival (3.3-1) and survminer (0.4.9). The ICD-related DEGs with
statistical significance were exposed to a LASSO cox regression
analysis, as implemented in the R package glmnet (4.1-4). The
risk score was constructed by using the regression coefficients
derived from Cox regression analysis:

6
RS =) Coe f,DEG;

i=1
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Statistical analysis

Patients (n = 759) were classified into high-risk group (n =
390) or low-risk group (n = 369) according to the risk score with
7.319) generated by the
surv_cutpoint function in the R package survminer (0.4.9).

the cutoff value (risk score =

The Kaplan-Meier survival curves were constructed by the
function “gsurvplot,” and the log-rank test was performed
between the two groups. Multivariable Cox regression analysis
was used to assess whether the risk score was an independent
prognostic indicator, and the features to be included in the
prognostic model were selected using two-way stepwise
regression. A nomogram was plotted based on the clinical
features and the risk score. The nomogram’s discrimination
performances were quantitatively assessed by the area under
curve (AUC) of the receiver operating characteristic (ROC) curve
and calibration curve. The Wilcoxon rank sum test was
conducted to examine whether the risk score distribution
differs among BC molecular subtypes.

Functional enrichment

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analyses were carried out between high-risk
and low-risk groups. The R package clusterProfiler (4.3.4) (Yu
et al,, 2012) was employed to evaluate GO and KEGG pathways,
and the threshold of p-value was set as <0.05.

Gene set variation analysis

Gene Set Variation Analysis (GSVA) were conducted to
determine the gene-set activity score for each sample, utilizing
the R package GSVA (1.43.1). The gene sets were the c2 curated
signatures downloaded from the Molecular Signature Database
(MSigDB) of Broad Institute. The differential analysis of gene-set
activity scores between the high-risk and low-risk groups was
carried out by the R package limma (3.51.8). GSVA performed on
the I-SPY2 dataset used the five gene signature (CALR, TLR4,
CXCR3, PIK3CA, and BAX), because CLEC9A expression was
not profiled in the dataset.

Immunophenoscore score and tumor
immune exclusion score

The IPS score is calculated based on representative cell-type
gene expression z-scores, with higher scores indicating increased
immunogenicity. The IPS scores of high-risk and low-risk
patients were obtained from the Cancer Immunome Atlas
(TCIA) (https://tcia.at/home).
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The tumor immune exclusion score was generated using
expression signatures from immunosuppressive cells, which
correlated negatively with T cell infiltration level. The tumor
immune exclusion scores were calculated by TIDE (http://tide.
dfciharvard.edu/) (Jiang et al., 2018).

Immune infiltration analysis

CIBERSORT was applied to estimate the proportions of
tumor-infiltrating immune with a deconvolution algorithm by
the R package CIBERSORT (0.1.0). Besides, the ESTIMATE R
package (1.0.13) was used to calculate ESTIMATE immune score
of each sample.

Somatic mutation analysis

Somatic mutation data of the high-risk group (n = 373) and
the low-risk group (n = 334) were retrieved from TCGA GDC
Data Portal (https://portal.gdc.cancer.gov/) in maf format. The
waterfall plots were illustrated by the Maftools R package (2.
12.0).

Results

Consensus clustering identified two
immunogenic cell death-associated
subtypes

We conducted extensive literature research and collected
56  ICD-associated  genes
(Supplementary Table SI). Next, consensus clustering was

from  previous  studies
performed according to the patients’ expression levels of the

ICD-associated genes. Unsupervised consensus clustering
identified two major sample clusters that were clearly
molecularly distinguishable among patients with BC (Figures
1A-C). To investigate the ICD status in different clusters, we
illustrated a heatmap, and found that in contrast with cluster 2,
cluster 1 had higher expression levels of ICD-related genes
(Figure 1E). To screen out the potentially significant genes in
BC, differential analysis was performed between all cancer
samples and normal samples, and in 3 molecular subtypes,
respectively (Supplementary Figure S3). In total, 18 ICD-
related genes (AIM2, ANXAI, BAX, CALR, CCL2, CLECYA,
CXCR2, CXCR3, DDX58, IL1B, ILIRI, LRPI1, P2RY2, PIK3CA,
TLR3, TLR4, YKT6, and ZBP1) were differently expressed in
cancer samples comparison to normal samples
(Supplementary Table S2). Among the 18 DEGs, AIM2, and
ANXAI were the most upregulated and downregulated,
respectively (Figure 1D).

in
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Identification of two ICD-based clusters and differential expressed genes (A) Heatmap of consensus clustering when K = 2 for 56 genes in breast
cancer samples; (B,C) Delta area curve and the cumulative distribution function (CDF) curves for k = 2—-10; (D) Volcano plot shows the differential
expressed genes between cancer and normal samples; (E) Heatmap of 56 ICD-related genes’ expression levels in two clusters. Red indicates high
expression and blue indicates low expression; abbreviations: ICD, immunogenic cell death.
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ICD-related DEGs; (D) Kaplan-Meier analysis of the ICD-based risk score in training cohort; (E) Kaplan-Meier analysis of the ICD-based risk score in
external validation cohort; abbreviations: HR, hazard ratio; ICD, immunogenic cell death; DEGs, differential expressed genes.
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Construction and validation of the
immunogenic cell death-based risk score

To assess the association of ICD- related DEGs with OS, we
performed Kaplan-Meier analysis, and found that six DEGs were
statistically significant (Figure 2A). All six ICD-related genes
were tested and selected for constructing the ICD-based risk
score in the LASSO regression analysis (Figures 2B,C). The risk-
score model was developed premised on the regression
coefficients derived from multivariate cox regression. The
formula for the risk score was as below: Risk score =
3.0954369*PIK3CA + 2.8466656*TLR4 + (—0.5698641)*BAX +
(—1.8812416)*CALR + (—0.4513673)*CLEC9A + (—0.6615107)
*CXCR3. The prognostic significance of this risk score in BC was
further examined by Kaplan-Meier analysis (Figure 2D). For
external validation, data from GSE37181 were utilized, and the
result was in concordant with the TCGA cohort (Figure 2E).

Risk score distribution in breast cancer
molecular subtypes

BC is a heterogeneous disease. In the training set we used for
model development, 682 patients had records of hormone
and HER2
receptor-positive (HR+ HER2-) patients accounted for 67%
(n = 457), triple-negative BC (TNBC) patients and HER2+
(HR+ HER2-/HR- HER2+) patients accounted for 19% (n =
127) and 14% (n = 98), respectively. Since the number of

receptor receptor data, in which hormone

HER2 positive patients is relatively small, we defined the
HER2+ group irrespective of the hormone receptor status.
Wilcoxon test indicated that the risk score distribution was
statistically different between TNBC and HR+ or HER2+
groups (Figure 3A). To confirm the predictive ability of the
risk score in different subtypes, we carried out Kaplan-Meier
analysis and generated ROC curves in each subtype (Figures
3B-D). The ICD-based risk score was effective in three molecular
subtypes, especially in the TNBC group, for the area under the
ROC curve (AUC) reached 0.921 for 10-year OS.

Immunogenic cell death-based risk score
is an independent prognostic factor in
breast cancer

To further validate the prediction power of the risk score, we
evaluated the prognostic effect of ICD-based risk score with age,
nodule status, ER status, HER2 status and T stage in univariate
cox regression analysis and multivariate cox regression analysis
(Figures 4A,B). The risk score and age were independent
prognostic factors according to the results, and two-way
stepwise regression used in multivariate cox regression
selected ER status, age and risk score to develop the final
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prognostic model. A nomogram was constructed based on
multivariate cox regression results (Figure 4C), and the ROC
curves and calibration curves were generated for 3-, 5- and 10-
year survival (Figure 4D). The AUCs of the nomogram were
0.768, 0.737, and 0.729 for 3-, 5- and 10-year survival. We further
validated the model in an external validation cohort, and the
ROC curves and calibration curves were illustrated in
Supplementary Figures SIA-C. In general, higher OS rates
were associated with a lower risk score, younger age and ER-

positive status.

Identification of differentially expressed
signaling pathways in different risk groups

For better understanding of the pathogenic molecular
mechanism underlying the disparity of prognosis in two risk
groups, we performed GO and KEGG analyses. The DEGs in
low-risk group were enriched in gene sets associated with
immunity, including regulation of immune effector process in
GO analysis, and antigen processing and presentation, natural
killer cell-mediated cytotoxicity, Thl, Th2 and Thl7 cell
differentiation, T cell receptor signaling pathways, B cell
receptor signaling pathways and PD-L1 expression pathways
in KEGG analysis (Figures 5A-C). GSVA was used to
compare the expression of immune-related signatures across
the training datasets, using REACTOME pathway gene sets
(Figure 5D). Compared with the high-risk group, most of the
pathways were enriched in the low-risk group. In contrast,
interleukin-16-associated pathways expressed higher in the
high-risk group, which are pro-tumorigenesis, according to
previous studies (Grivennikov and Karin, 2011). Furthermore,
the GSVA analysis showed that regulation of innate immune
response to cytosolic DNA was the most enriched pathway in
low-risk TNBC in comparison to its high-risk counterpart, which
is crucial for ICD danger signaling (Figure 5E).

Since high TMB is associated with more neoantigens that
could be recognized by the immune system, we analyzed somatic
mutation profiles between the two risk groups (Maleki Vareki,
2018). TP53 and PIK3CA were the most frequent mutations in
both groups, and the median TMB of the low-risk group was
slightly higher than the high-risk group (Supplementary Figures
S2A,B).

High risk score is associated with immune
suppressive tumor microenvironment

Given that the ICD-based risk score was related to tumor
immunity, we next assessed the immune status of tumor
in different groups. We performed
CIBERSORT algorithm to calculate the immune cells in the
two

microenvironment

risk groups. Low-risk group was associated with
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considerably more CD8" T cells and fewer M2 macrophages than
the high-risk group (Figure 6A). Immunophenoscore (IPS) was
constructed using the expression of immune-related gene
signatures, including MHC molecules, immunomodulators,
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effector cells and suppressor cells. Higher immunophenoscore
represents higher tumor immunogenicity (Charoentong et al.,
2017). Both IPS and the immune score calculated by the
ESTIMATE algorithm in low-risk group were statistically
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cancer.
higher than high-risk group, indicating immune hot tumors namely cancer-associated fibroblasts (CAFs), myeloid-derived
(Figure 6B). The tumor immune exclusion score, which was suppressor cells (MDSCs) and the M2 subtype of tumor-
generated based on signatures of immune suppressive cells, associated macrophages (TAMs), showed a higher median
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score in high-risk group, indicating an immune suppressive
6B). the
differential analysis, most of the human leukocyte antigen

microenvironment  (Figure Furthermore, in
(HLA) genes and immune checkpoints had significantly
higher expression levels in the low-risk group (Figure 6D). To
further validate the clinical importance of the ICD-related gene
signature, GSVA analysis was performed on the I-SPY2 trial
dataset. For patients treated with Pembrolizumab and achieved
Pathologic Complete Response (PCR), the GSVA scores were
significantly higher than the non-PCR group, indicating the gene
signature was positively correlated with immunotherapy

responses (Figure 6C).

Discussion

One of the leading causes of ICD is anti-cancer therapy,
including chemotherapy (Galluzzi et al, 2017). Multiple
chemotherapy drugs commonly used in BC have been
demonstrated to have immune- modulatory effect, including
Anthracyclines and Taxanes (Ramakrishnan et al, 2010;
Mattarollo et al., 2011). Immune checkpoint inhibitors (ICIs),
which target PD-1 and PD-L1 improve therapeutic efficacy by
enhancing immunogenicity, and the combination of ICIs with
conventional chemotherapy drugs performs a synergetic effect
(Galluzzi et al., 2020a). A Series of clinical trials have proven the
efficacy of combination therapies in BC, and found the clinical
benefits correlated with patients’ immune status, such as the
presence and abundance of tumor-infiltrating lymphocytes
(TILs) (Nanda et al., 2020; Schmid et al., 2020). Therefore, it
could be advantageous to identify ICD-related biomarkers that
help with the risk stratification of BC patients.

In this study, we demonstrated that the ICD-related genes are
closely associated with prognosis and tumor microenvironment
of BC. We identified six differentially expressed genes that
impacted overall survivals of BC patients and developed a
prognosis model with external validation. Moreover, we found
that the ICD-based risk score was closely associated with tumor
immune microenvironment. Previous studies have confirmed
that both immunotherapy and chemotherapy induce anti-tumor
immune responses, including the expansion of CD8" T cells, etc.
(Krysko et al., 2012; Philip and Schietinger, 2022). In our study,
high-risk score indicates the immune exclude subtype, which can
be potentially improved by immunotherapy and chemotherapy.
Interestingly, our results showed better long-term prognostic
power for HR+ HER2- subtype and TNBC instead of HER2+
subtype. This finding could suggest that immune status, which is
closely related to the efficacy of immunotherapy and
chemotherapy is more important in HER2- subtypes rather
than in HER2+ subtype, for HER2- targeted therapy brings
significant benefits to HER2+ patients.

The genes we selected for model construction have been proved
to play essential roles in tumor growth, invasion, and metastasis.
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CALR and BAX, components of ICD-danger signaling pathways, are
both independent prognosis predictors in BC (Binder et al., 1996;
Lwin et al., 2010). PIK3CA and TLR4 contribute to tumorigenesis
through the phosphoinositide 3 (PI3)-kinase/Akt signaling pathway
and IPS/TLR4 pathway, respectively (Verret et al., 2019; Afroz et al.,
2022). CLEC9A and CXCR3 are associated with intratumoral
dendritic cells (DCs), which are necessary for anti-tumor
immunity. CLEC9A is a biomarker for DCs, while
chemoattractant receptor CXCR3 influences the biological
function of DCs (de Mingo Pulido et al, 2018; Hammerl et al,,
2021). Furthermore, Xu et al. (2022) classified ICD-associated
DAMPs into three subtypes in TNBC patients, among which the
inflammatory DAMPs was featured with high expression of CALR,
higher anti-tumor immune cell infiltration, and better prognosis.
This finding is in concordant with our results, for the low-risk group
had considerably higher expression of CALR (Xu et al., 2022).

Conclusion

In conclusion, our study addressed the importance of ICD in
the modulation of tumor immune microenvironment in breast
cancer. Besides, we constructed and validated an ICD-based
prognostic signature, which served significant value in
predicting OS of breast cancer patients.
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Background: According to the 2015 World Health Organization classification,
large cell neuroendocrine carcinoma (LCNEC) was isolated from Large-cell
lung cancer (LCLC) tumors, which constitutes 2%—3% of non-small cell lung
cancer (NSCLC). However, LCLC tumors are still fairly vaguely defined at the
molecular level compared to other subgroups.

Materials and Methods: In this study, whole-genome sequencing (WGS) was
performed on 23 LCLC and 15 LCNEC tumor specimens. Meanwhile, data from
the TCGA (586 LUADs and 511 LUSCs) and U Cologne (120 SCLCs) were
analyzed and compared.

Results: The most common driver mutations were found in TP53 (13/23, 57%),
FAM135B (8/23, 35%) and FAT3 (7/23, 30%) in LCLC, while their counterparts in
LCNEC were TP53 (13/15, 87%), LRP1B (6/15, 40%) and FAT1 (6/15, 40%).
Notably, FAM135B mutations only occurred in LCLC (P = 0.013). Cosmic
signature analysis revealed widespread defective DNA mismatch repair and
tobacco-induced mutations in both LCLC and LCNEC. Additionally, LCNEC had
a higher incidence of chromosomal copy number variations (CNVs) and
structural variations (SVs) compared with LCLC, although the differences
were not statistically significant. Particularly, chromothripsis SVs was
significantly associated with CNVs. Furthermore, mutational landscape of
different subtypes indicated differences between subtypes, and there seems
to be more commonalty between our cohort and SCLC than with other
subtypes. SMARCA4 mutations may be specific driver gene alteration in our
cohort.

Conclusion: Our results support that LCLC and LCNEC tumors follow distinct
tumorigenic pathways. To our knowledge, this is the first genome-wide
profiling comparison of LCLC and LCNEC.

KEYWORDS

non-small cell lung cancer (NSCLC), Large-cell lung cancer (LCLC), large cell
neuroendocrine carcinoma (LCNEC), whole-genome sequencing, histological
classification
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Introduction

Lung cancer, commonly divided into small cell lung cancer
(SCLC) and non-small cell lung cancer (NSCLC), is the leading cause
of cancer-related mortality worldwide (Bray et al., 2018). Large-cell
lung cancer (LCLC) is the third most common NSCLC subtype after
lung adenocarcinoma (LUAD) and squamous cell carcinoma
(LUSC), representing 2%-3% of NSCLC (Howlader N et al,
2015). Compared to other NSCLCs, LCLC is more malignant due
to faster growth and earlier metastasis (Asamura et al., 2006; Shi et al.,
2020). Histopathologically, the diagnosis of LCLC is usually excluded
from LUAD, LUSC, and SCLC. LCLC is defined as an
undifferentiated NSCLC without glandular or squamous cell
differentiation in the WHO2004 lung cancer classification, while
LCNEC was defined as LCLC with neuroendocrine morphological
characteristics and at least one positive neuroendocrine
immunohistochemical (IHC) marker (Travis et al, 2004).
However, the 2015 WHO cdlassification protocol (Brambilla et al.,
2015) now isolates large cell neuroendocrine carcinoma (LCNEC)
from LCLC tumors. Furthermore, LCLC expressing previously
histologically defined lung cell markers (TTF1, Napsin A) were
reclassified as LUAD, and squamous marker positive LCLC (P40,
CK5/6, P63) were classified as non-keratinized or basal cell LUSC.
Tumors that are surgically removed without expression of these
markers are defined as LCLC.

It is of clinical importance to accurately distinguish histological
subtypes. Subtype-directed diagnosis and treatment have been widely
established for LUAD, LUSC, and SCLC. However, LCLC tumors are
still fairly vaguely defined at the molecular level compared to other
subgroups, especially given the otherwise strong molecular efforts of
the 2015 WHO dlassification scheme. Some studies of smaller gene
sets found abnormal expression of TP53 in LCLC and LCNEC
tumors, with KRAS mutations predominating in LCLC (Iyoda et al,,
2004; Rossi et al., 2014). There was also a difference in the frequency
of oncogene mutations between WH02004 LCLC tumors expressing
LUAD or LUSC markers and those with invalid markers (Rekhtman
et al,, 2013; Karlsson et al., 2015; Pelosi et al., 2015; Driver et al., 2016).
However, studies on the genome-wide altered landscape of LCLC are
lacking. In this study, we aimed to investigate the whole-genome
landscape of LCLC and LCNEC tumors in relation to other
histological subgroups of lung cancer. Our results link recent lung
cancer classification schemes to the genome-wide landscape of the
disease, supporting that LCLC and LCNEC tumors follow distinct
tumorigenic pathways. To our knowledge, this is the first genome-
wide profiling comparison of LCLC and LCNEC.

Materials and methods
Patient and tissue selection

A total of 23 LCLC and 15 LCNEC patients who have
undergone surgical resection from June 2017 to December
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2020 were retrospectively included and analyzed in this study,
including 36 males and 2 females. All patients provided written
informed consents. This study was approved by the Ethics
Committee of Tongji Hospital, Tongji Medical College,
Huazhong University of Science and Technology (TJ-
IRB20220639). The clinical characteristics of the patients were
summarized in Table 1. The diagnosis of LCLC and LCNEC were
confirmed by two experienced pathologists.

Immunohistochemistry

As previously described, standardized institutional protocols
were used for immunohistochemical staining. The whole-slide
serial tissue sections from FFPE surgical resection specimens
were used to determine the expression levels for PD-L1, P40,
CK5/6, P63, TTF1, Napsin A, Ki-67 and other tumor biomarkers.
The PD-L1 expression was evaluated by two methods, including
the tumor proportion score (TPS), defined as the percentage of
viable tumor cells showing partial or complete membrane
staining at any intensity (A TPS>1% was considered as
positive), and combined positive score (CPS), defined as the
number of PD-L1-positive cells (tumor cells, macrophages and
lymphocytes) divided by the total number of tumor cells and
multiplied by 100.

Whole genome sequencing and analysis

DNA was extracted from the tumors and paired para-cancer
FFPE tissues using the QIAamp DNA FFPE tissue kit (Qiagen,
United States). The resultant DNA was then quality-controlled
using Nanodrop and Qubit (Thermo Fisher Scientific,
United States) to ensure adequate purity and quality. Illumina
paired-end libraries were prepared from extracted DNA and
sequenced on Illumina HiSeq platforms (Illumina, San Diego,
United States), with a mean average coverage of 50 x for both
tumors and matched para-cancer tissues.

Burrows-Wheeler Aligner (BWA) was used to align the Paired-
end sequencing reads to the human reference genome (hgl9), and
GATK 4.0 was used to sort and remove PCR duplicates. Somatic
single nucleotide variants (SNVs), insertions, and deletions (indel)
with default parameters were called with Strelka2 with default
parameters (Kim et al, 2018). The ANNOVAR was used to
annotate possible variant candidates. Germline mutation was
called using best practices with the Genome Analysis Toolkit
(GATK) HaplotypeCaller (version 3.6) as previously described
(McKenna et al,, 2010).Somatic copy number variations (CNVs)
identified by FACETS and recurrently occurring CNV's were detected
with GISTIC2.0. The GISTIC2.0 was used to identify regions of the
genome that are significantly amplified or deleted across a set of
samples (Mermel et al., 2011). CNV burden was calculated based on
the identified copy number variants as previously described (Wolf
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TABLE 1 The patient characteristics and clinicopathological data.

Characteristic

SCLC (U Cologne)<

10.3389/fgene.2022.1070048

LUAD (TCGA) LUSC (TCGA)

LCLC* implies WHO2004 classification.

et al, 2019), and then the average CNV burden was estimated for
each patient. Somatic structural variants were called with ShatterSeek
(Cortes-Ciriano et al., 2020) and Manta (Chen et al,, 2016).

DDR gene status analysis
DDR inactivation mutation status was determined by

retrieving and combining DNA data copy number variation
and single nucleotide variation of DDR genes (Tian et al,

Frontiers in Genetics

Total number 38 120 586 511
Histology

LCLC 23 (60.5%)

LCNEC 15 (39.5%)
Age (y/o)

>60 21 (55.3%)

<60 14 (36.8%)

unkown 3 (7.9%)
Gender

male 36 (94.7%)

female 2 (5.3%)
Smoking

No 9 (23.7%)

Yes 29 (76.3%)
Drinking

No 23 (60.5%)

Yes 15 (39.5%)
Family History

No 28 (73.7%)

Yes 10 (26.3%)
PD-L1 expression

negative 12 (31.6%)

positive 26 (68.4%)
Tumor grade

T1/T2 17 (44.7%)

T3/T4 21 (55.3%)
Lymph node metastasis

No 25 (65.8%)

Yes 13 (34.2%)
Radiation/chemotherapy

No 14 (36.8%)

Yes 24 (63.2%)
Patients evaluable for

mutations 38 (100%) 120 586 511

CNV 38 (100%)

SV 38 (100%)

154

2020). Alterations in the DDR pathway were defined as any
non-synonymous somatic mutation in the protein-coding
region, or homozygous deletions of at least one genes in
DDR-related pathway.

Statistics

All analyses were performed using SPSS (version 25 for
Windows, Armonk, NY: IBM Corp.). Patient characteristics
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A Altered in 22 (95.65%) of 23 samples. Altered in 15 (100%) of 15 samples.
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FIGURE 1

Comparison of mutation landscape between LCLC and LCNEC. (A) A comparison of the mutational landscapes of LCLC and LCNEC is provided,
along with the most frequently mutated driver genes. The top panel represents the TMB and the middle panel represents the matrix of frequently
mutated genes. Columns represent samples, and clinicopathological characteristics of individual patients are presented below. Bar plots in the lower
panel shows the contribution of six substitutions. (B) Forestplot shows the significant differences of driver genes between the two groups.
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were evaluated with descriptive statistics. Correlation of
histological classification with DDR gene status, PD-LI
expression, age, gender, stage, smoking and drinking was
investigated using the chi-square test. All reported p values
were two-sided and considered statistically significant at p <
0.05, unless otherwise specified.

Results
Clinical characteristics

All participants were pathologically reviewed, and 23 LCLC
patients and 15 LCNEC patients were included in the
retrospective analysis. The clinical characteristics of patients
are summarized in Supplementary Table SI. Twenty-six
(68.4%) patients were positive and 12 patients were negative
for programmed death ligand-1 (PD-L1) staining. All of the
LCNEC patients were male, and 80% of them were current or
former smokers. There were no significant differences in age of
diagnosis, gender, smoking, drinking history, tumor stage, lymph
node metastasis and treatment between LCLC and LCNEC
patients (Supplementary Table S1). Interestingly, TP53/RBI
co-mutations, an important molecular subtype of LCNEC,
were not present in the 15 LCNEC patients in our cohort.

Mutational landscape of LCLC and LCNEC

Gene mutation profiles of 38 patients with LCLC and LCNEC
were analyzed by whole genome sequencing. In total, 9931 non-
synonymous somatic mutations were identified in 6013 genes.
Thirty-seven of the 38 patients, including 22 LCLC patients and
15 LCNEC patients, showed at least one gene variant. TP53 and
TTN were the most common variants in LCLC and LCNEC
(Supplementary Figure SIA). Specifically, the mutations of
CILP2, FMNI, GABRG3, MAP4K1, MROH2A, OR2L13,
OR2W3, STK11IP and SYNE?2 occurred only in LCNEC group
(3/15, 20%, p = 0.054, respectively), while FAM135B (8/23, 35%,
p =
(Supplementary Figure S1B). TP53 mutations were the
dominant driver gene alteration in both LCLC (13/23, 57%)
and LCNEC (13/15, 87%) tumors (p = 0.077) (Figure 1A). The
frequency of other driver gene variants found was much lower in
both subgroups. FAM135B (8/23, 35%) and FAT3 (7/23, 30%)
were the second and third most commonly mutated genes in
LCLC, while their counterparts in LCNEC were LRPIB (6/15,
40%) and FATI (6/15, 40%). These alterations highlight more
general differences between the two subgroups. Interestingly,
RBI (6/23, 26%, p = 0.063) mutations were also exclusively found
in LCLC cases (Figure 1B). DDR inactivation mutation status was

0.013) mutations only occurred in LCLC group

also identified, but in this relatively small retrospective cohort, we
found no significant differences in DDR status, PD-LI

Frontiers in Genetics

156

10.3389/fgene.2022.1070048

expression, lymph node metastasis, or tumor grade associated
with histological classification.

In addition, a high frequency of C > A with accompanying
C > G has been observed in both LCLC and LCNEC (Figure 1A),
indicating a signature of tobacco exposure. To determine the
association between the distribution of mutations and cosmic
signatures in LCLC and LCNEC patients, mutation signature
analyses were performed for all point mutations and the
surrounding trinucleotide context. Mutational spectrum of six
substitutions revealed a high frequency of C>A transversions and
C>T transitions in LCLC and LCNEC. The median percentages
of variants of C> A, C>G, C>T, T>A, T>C,and T > G
were —40%, 13%, 22%, 11%, 11%, and 4% respectively in LCLC,
while —32%, 14%, 25%, 9%, 13%, and 8% respectively in LCNEC
(p = 0.02) (Figure 2A; Supplementary Figure 2A). The profiles of
96 exhibited 2B;
Supplementary Figure 2B).

substitutions similar results (Figure

Based on the proportion of mutation signatures in each
sample and unsupervised hierarchical clustering, the patients
were divided into 5 clusters (Supplementary Figure S2C). The
to the

characteristics of COSMIC “signature 4,” “signature 5” and

mutation patterns of our cohort were similar
“signature 13.“ Unsupervised similarity analysis of tumor

mutation spectrum of all published signature patterns
confirmed that the maximum cosine similarity with these
0.964, 0.868, and 0.848 respectively
(Supplementary Figure S2D). there
significant difference in cosmic signatures between LCLC and
LCNEC (Figure 2C). Signatures 3 and 4 were mainly identified in
both the LCLC and LCNEC groups, with signature 3 being
in DNA-double-strand break

repair and signature 4 being linked to tobacco-induced

signatures  was

However, was no

associated with deficiencies

mutations. Additionally, the differences between groups were
analyzed according to the cluster groups, such as age, drinking,
gender, smoking, grade and histopathology, but the results were
S2E).
Moreover, the tumor mutational burden (TMB) of clustering

not statistically significant (Supplementary Figure
samples (cluster 2) related to “signature 4” was generally higher
(Supplementary Figure S3A). We also found that the mean value
of TMB in the LCLC and LCNEC groups was 6.62 mutations per
million base pairs (MB) and 4.16 mutations/MB, but the
differences were not significant (p = 0.2) (Supplementary
Figure S3B). The average weighted Genome Instability Index
(WGII) score was 0.254 in the LCLC group and 0.309 in the
LCNEC group, with no significant difference (p = 0.65)

(Supplementary Figure S3C).

CNV profiles of LCLC and LCNEC

To characterize specific copy number variations (CNVs), we
identified differential copy number variation genes between
LCLC and LCNEC groups (Figure 3A). The LCNEC group
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FIGURE 2
Mutational spectrum analysis for LCLC and LCNEC. (A) The pie chart shows the relative contribution of the six substitutions. (B) Relative
contribution of 96 substitution subtypes SNV in each group. (C) Relative contributions of mutational signatures in each group.

exhibited a higher rate of chromosome CNV compared with the amplified or deleted regions of the genome across a set of
LCLC group, corresponding to higher CNV burden (22.87/case samples. CNVs were found throughout the genome, with copy
vs 17.15/case), but the difference was not significant (p = 0.33) number gains being more prevalent than copy number losses.

(Figure 3B). GISTIC2.0 was used to identify significantly Chromosomes 12p13.31, 19p12, and 9q21.11 were lost and
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each group. Deletions and amplifications are represented on the y-axis by blue or red bars, respectively. Each peak region (cytoband) is displayed

together with its known or potential cancer-related genes.

chromosomes 8q24.21, 14qll.2, 16pll.2, and 17ql2 were
in both LCLC and LCNEC groups.
chromosomes with CNVs were only identified in LCLC, such
as 5P15.33, 7q22.1, and 22q11.23, while some were only
identified in LCNEC, such as 9pl12, 11q13.2, 8p23.1, 17p11.2,
4q13.2, and 9ql2 (Figure 3C, Supplementary Table S2).
the

chromosomes 11ql1,

amplified Some

Specifically, copy number gains were found at
17q21.31, 8p11.22, and 1p36.21 in
LCNEC, while the copy number losses occurred at these

chromosomes in LCLC.

SV patterns of LCLC and LCNEC

To define the patterns of structural variation (SV),
ShatterSeek (Cortes-Ciriano et al., 2020) and Manta (Chen
etal., 2016) were integrated to implement our final SV catalog.
We identified a median of 111 SVs per LCLC patient (range
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21-591) and 151 SVs per LCNEC patient (range 31-833)
(Figure 4A). the
greatest proportion of all categories (47%), followed by
deletion (DEL) at 22%.The count of each SV class was not
significantly different between LCLC and LCNEC patients
(Figure 4B). In all patients, the different SV classes showed

Translocation (TRA) accounted for

clear patterns of co-occurrence, mutual exclusion, and

association with recurrent molecular alterations. For
example, the burden of chromothripsis SVs per patient was
significantly positively correlated with the number of single
deletions (Spearman p = 0.57), and negative correlation with
single tandem duplication (DUP) (Figure 4C). Furthermore,
our results suggest that chromothripsis SVs may be
significantly associated with CNVs. We present example of
a chromothripsis event in chromosome 9 with CN oscillations
that span 3 CN levels showing interspersed loss of
heterozygosity and templated insertions, as evidenced by

their size, and breakpoint orientations at their edges
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the genes shown in (A). (C) The TMB difference in the five lung cancer subtypes. (D)UpSetR plot shows the overlap of pathways from the Kyoto
Encyclopedia of Genes and Genomes enriched with the germline-regulated genes.

(Figure 4D). Similar results were also presented in the
of LCNEC patients illustrated
Supplementary Figure S4A.

chromosomes as in

Comparative analysis with other
pathological subtypes

To explore the unique driver genes in LCLC, we compared
typical somatic mutation profiles with other lung cancer subtypes
(586 LUADs and 511 LUSCs in TCGA and 120 SCLCs in U
Cologne). All subtypes share 28 genes and these genes are located
in different regions of the genome (FIGURE 5A,B). In addition,
we compared the mutation frequency of TOP20 driver genes
with other lung cancer subtypes. Results showed that most of
these genes had no significant difference in mutation frequency
between LCLC* and SCLC (Table 2). Notably, the mutation
frequencies of TP53, SMARCA4, and RBI differed significantly
across subtypes, suggesting that these may be specific driver gene
characteristics of LCLC*, especially SMARCA4. Furthermore, the
mutation sites of TP53 and RBI were compared with those of the
other three subtypes. Most mutation sites of TP53 are located in
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the P53 DNA-bingding domain. Meanwhile, the same RBI
mutation was found only in SCLC (Table 3, Supplementary
FigureS4B). Regarding the TMB, we found significant
differences between LCLC and LUSC (p = 0.0063) or SCLC
(p = 0.033), but not between LCLC and LUAD, respectively
(Figure 5C). To gain a deeper understanding of the biological
characteristics driven by these germline regulatory genes, we
performed a biopathway enrichment analysis of genes in each
subtype. WebGestalt was used to identify pathways that were
significantly enriched in each subtype using the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
database. We found that all subtypes share 18 pathways,
including small cell lung cancer pathways and non-small cell

lung cancer pathways (Figure 5D).

Discussion

Diagnostic terms for LCLC have been applied inconsistently
in the clinic, based solely on morphology and insufficient IHC
markers. It is of great importance to generate more knowledge
regarding the genetic alterations in LCLC to propose more
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TABLE 2 Comparison of TOP20 driver genes in different lung cancer subtypes.

10.3389/fgene.2022.1070048

LCLC* (n = 38) LUAD (n = 586) p-value LUSC(n = 511) SCLC (n = 120) p-value

TP53 68.42% | 111 (21.51%) <0.001 146 (29.08%) <0.001 103 (85.83%) 0.0282
LRP1B 31.58% | 88 (17.05%) 0.0457 153 (30.48%) 0.8571 51 (42.50%) 0.2587
FAT3 28.95% | 50 (9.69%) 0.0013 32 (6.37%) <0.001 22 (18.33%) 0.1741
FAT1 23.68% | 40 (7.75%) 0.0035 55 (10.96%) 0.0325 16 (13.33%) 0.1339
FAMI35B 21.05% | 64 (12.40%) 0.1339 70 (13.94%) 0.2324 26 (21.67%) 1

KMT2D 21.05% | 22 (4.26%) 0.0004 40 (7.97%) 0.0133 22 (18.33%) 0.8126
PEG3 21.05% | 26 (5.04%) 0.0011 35 (6.97%) 0.0067 14 (11.67%) 0.1785
SMARCA4 21.05% | 22 (4.26%) 0.0004 18 (3.59%) 0.0002 5 (4.17%) 0.0029
ERBB4 15.79% | 26 (5.04%) 0.0167 33 (6.57%) 0.0468 10 (8.33%) 02179
PTPRT 15.79% = 33 (6.40%) 0.0420 33 (6.57%) 0.0468 11 (9.17%) 0.2448
RB1 15.79% | 23 (4.46%) 0.0102 33 (6.57%) 0.0468 87 (72.50%) <0.001
ABCBI 13.16% = 25 (4.84%) 0.0465 34 (6.77%) 0.1810 7 (5.83%) 0.1620
APOB 13.16% | 43 (8.33%) 0.3621 36 (7.17%) 0.1958 16 (13.33%) 1

DMD 13.16% | 45 (8.72%) 03734 66 (13.15%) 1 21 (17.50%) 0.6229
EPHA3 13.16% | 29 (5.62%) 0.0740 38 (7.57%) 02132 3 (2.50%) 0.0202
KDR 13.16% | 29 (5.62%) 0.0740 41 (8.17%) 03579 6 (5.00%) 0.1354
KMT2C 13.16% = 57 (11.05%) 0.6007 37 (7.37%) 0.2042 12 (10.00%) 05587
PTPNI13 13.16% 9 (1.74%) 0.0015 18 (3.59%) 0.0174 6 (5.00%) 0.1354
PTPRD 13.16% 91 (17.64%) 0.6570 68 (13.55%) 1 12 (10.00%) 05587
SPTAIL 13.16% 100 (19.38%) 05187 60 (11.95%) 0.7962 23 (19.17%) 0.4729

LCLC* implies WHO2004 classification.

effective diagnosis and new molecular markers of predisposition
and prognosis. Studies on LCLC gene profiles mainly focus on
small gene sets (Karlsson et al., 2015; Pelosi et al., 2015; Driver
et al., 2016), and there are few literatures on whole-genome
sequencing profiling. In this study, we performed a genome-wide
analysis of 23 LCLC patients and 15 LCNEC patients with a
comparative analysis based on the histological classification
(Figure 6). To our knowledge, this is the first genome-wide
profiling comparison of LCLC and LCNEC.

The role of genes in the therapeutic efficacy of LCLC is often
limited. Therefore, in the current NCCN guidelines for NSCLC,
LCLC is classified as adenocarcinoma for treatment and molecular
detection. In the study, frequent mutations of TP53 were predictably
observed in both LCLC and LCNEC, as well as low frequency
alterations in EGFR, BRAF, and PIK3CA genes, consistent with
previous studies (Rekhtman et al., 2013; Rossi et al., 2014). Similarly,
alterations in tumor suppressors PTEN and STKII are mainly
observed together with TP53 mutations in both LCLC and
LCNEC. Compared with the literature, our cohort also showed
differences. We did not observe KRAS mutations in LCLC patients,
which is the most commonly reported mutation (Karlsson et al,,

Frontiers in Genetics

161

2015) and this difference may be explained by ethnic differences and
limited cohort size. Studies have shown that LCNEC can be further
divided into SCLC-like with TP53/RBI inactivation and NSCLC-like
with retained TP53/RBI functions, with different chemotherapy
treatment results (Derks et al., 2018). In our study, all RBI mutations
occurred in LCLC rather than LCNEC, and 83% (5/6) of them were
co-occurring with TP53 mutations. Unfortunately, our cohort is
insufficient for further classification. Additionally, the most
common mutations were found in TTN and TP53 genes in both
LCLC and LCNEC, with a high total frequency (45%) of a TTN/
TP53 double mutation. It has been suggested that TTN mutation or
TTN/TP53 co-mutation is associated with the prognosis of LUSC
(Cheng et al., 2019). However, whether TTN is involved in lung
cancer development is controversial. The focus of controversy lies in
its large and complex structure and the false positive results caused
by the heterogeneity of the mutation process (Hofree et al., 2013;
Kim et al,, 2017). Interestingly, in our cohort, FAMI35B mutations
occurred only in LCLC, with a 35% mutation rate, suggesting that
the mutation may be specific to LCLC compared to LCNEC. It has
been reported to have high mutation rates in other lung cancers such
as LUSC (Xie et al., 2021) and SCLC (Hu et al.,, 2019; Wang et al.,
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TABLE 3 Distribution of mutations in different subtypes of lung cancer.

LCLC* (n = 38)

LUAD (n = 586)

10.3389/fgene.2022.1070048

LUSC (n = 511) SCLC (n = 120)

TP53 R280G (n =1, 3%) R280G (n =1, 0.2%) 0 0
RI158L (n = 1, 3%) RI158L (n = 3, 0.5%) 0 0
E271* (n = 1, 3%) 0 E271* (n = 1, 0.2%) 0
R248W (n =1, 3%) 0 R248W (n =1, 0.2%) 0
R249S (n = 1, 3%) 0 R249S (n = 1, 0.2%) 0
X307_splice (n = 1, 3%) 0 X307_splice (n =1, 0.2%) 0
M2371 (n = 1, 3%) M2371 (n = 1, 0.2%) M2371 (n = 1, 0.2%) 0
R248L (n = 1, 3%) R248L (n = 1, 0.2%) R248L (n = 1, 0.2%) 0
R283P (n = 1, 3%) R283P (n = 1, 0.2%) R283P (n = 1, 0.2%) 0
X225_splice (n = 1, 3%) X225_splice (n = 1, 0.2%) X225_splice (n = 1, 0.2%) 0
R181P (n =1, 3%) 0 0 R181P (n =1, 0.8%)
E294* (n = 1, 5%) 0 0 E294* (n = 1, 0.8%)
R158P (n =1, 3%) R158P (n =1, 0.2%) 0 RI158P (n = 1, 0.8%)
V172F (n = 1, 3%) 0 V172F (n = 1, 0.2%) V172F (n = 1, 0.8%)
X125_splice (n = 1, 3%) X125_splice (n =1, 0.2%) X125_splice (n = 2, 0.4%) X125_splice (n = 1, 0.8%)
E298* (n = 1, 3%) E298* (n = 1, 0.2%) E298* (n = 3, 0.6%) E298* (n = 2, 1.7%)
RBI R445* (n = 1, 3%) 0 0 R445* (n = 1, 0.8%)
X702_splice (n = 1, 3%) 0 0 X702_splice (n = 1, 0.8%)

LCLC* implies WHO2004 classification.

[ Retrieved as “large-cell lung carcinoma” through clinical ]

records, n =38

|

LCLC*, according to the
WHO2004 classification, n=38

Applying criteria of
WHO2015 classification

I l

[ LCLC, n=23 ] LCNEC, n=15
l l SCLC LUAD LUSC
Whole genome sequencing and (U Cologne) (TCGA) (TCGA)
analysis n=120 n=586 n=511

B ey
FIGURE 6

Flowchart illustrating patient enrollment and analysis.

2019). Esophageal squamous cell carcinoma has been shown to
strongly express FAMI35B with poor prognosis and silencing
FAMI35B increases radiosensitivity (Bi et al., 2021; Dong et al,
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2021), but there is little evidence to support mutation as the
underlying cause of elevated expression. In addition, our findings
also showed differences in substitutions, copy number variations
and structural variations between LCLC and LCNEC. Together,
these results support that LCLC and LCNEC tumors follow different
tumorigenic paths.

Furthermore, we performed a comparative analysis on
the mutational profiles of histologically classified primary
LUAD, LUSC, SCLC and above two subtypes. To the best of
our knowledge, this is also the first study to compare and
contrast these five subtypes. We used a range of different
regulatory data to identify SNPs within regulatory regions of
the genome that have a defined target gene. We found some
overlap in SNPS, genes, and pathways among the five
subtypes. LCLC and LCNEC had more private mutated
than the other three
emphasizing that among the 28 genes shared by the

genes subtypes. It is worth
5 lung cancer subtypes, besides TP53 and TTN, some
other genes have been reported to be associated with lung
cancer. Low-density lipoprotein (LDL) receptor-associated
protein 1B (LRPIB), a member of the LDL receptor family, is
often inactivated in lung cancer. Single gene mutations in

LRPIB were found to be associated with high TMB in lung
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cancer (Lan et al., 2019), which may be associated with
favorable outcomes with immune checkpoint inhibitors
(Brown et al., 2021). Similarly, FAT3 mutations have been
reported to be associated with NSCLC prognosis and
elevated TMB levels (Qiu et al, 2020). Interestingly,
LUAD subsets with co-mutations in FAT3 and LRPIB
showed significantly prolonged

(PFS) (Zhu

in anti-matrix metalloproteinase mucin

immunotherapy
2021).
16
(MUCI6) have been reported to be potentially associated

progression-free  survival et al,

Mutations

with air pollution, thus contributing to the development of
air pollution-associated lung cancer (Chen et al, 2019).
MUCI16

promotes

overexpression mutations

induced by gene

lung cancer cell growth, metastasis and
chemoresistance (Lakshmanan et al., 2017; Kanwal et al,,
2018). In addition to the overlapping genes mentioned
above, our pathway enrichment analysis revealed that
18 biological pathways were shared among the 5 subtypes.
Most of these are cancer-related signaling pathways, including
pathways in small cell lung cancer and non-small cell lung
cancer. The genes were also significantly enriched in
important tumor onset and metastasis pathways, such as
“ECM-receptor interaction” and “Focal adhesion”.

Our study has several limitations that should be noted.
First, our sample size was not very large, however, due to the
low incidence of LCLC, it took us 3 years and 6 months to
collect these 38 samples from June 2017 to December 2020
(a total of 76 tissues, including 23 LCLCs and 15 LCNECs),
making it difficult to collect more samples in the limited
time available. Non-etheless, more patients and more
complete clinical data (including regular follow-up) are
needed in the future to validate the results of this study.
Second, our study lacked other omics analyses that may
provide more molecular characteristics for LCLC and
LCNEC.

In this study, we aimed to investigate the whole-genome
landscape of LCLC and LCNEC tumors in relation to other
histological subgroups of lung cancer. Our results link recent
lung cancer classification schemes to the genome-wide
landscape of the disease, supporting that LCLC and
LCNEC tumors follow distinct tumorigenic pathways. To
our knowledge, this is the first genome-wide profiling

comparison of LCLC and LCNEC.
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|dentification of a basement
membrane-based risk scoring
system for prognosis prediction
and individualized therapy in clear
cell renal cell carcinoma

Yanlin Tang¥?!, Chujin Ye?!, Jiayi Zeng?3, Ping Zhu*,
Shouyu Cheng?#°, Weinan Zeng*?, Bowen Yang?#®, Yanjun Liu** and
Yuming Yu?3*

Shantou University Medical College, Shantou, China, ?Department of Urology, Guangdong Provincial
People's Hospital (Guangdong Academy of Medical Sciences), Southern Medical University, Guangzhou,
China, *The Second School of Clinical Medicine, Southern Medical University, Guangzhou, China,
“Department of Immunology, School of Basic Medical Science, Southern Medical University, Guangzhou,
China, °School of Medicine, South China University of Technology, Guangzhou, China, ®Guangdong
Cardiovascular Institute, Guangdong Provincial People's Hospital, Guangdong Academy of Medical Sciences,
Guangzhou, China

Clear cell renal cell carcinoma (ccRCC) belongs to one of the 10 most frequently
diagnosed cancers worldwide and has a poor prognosis at the advanced stage.
Although multiple therapeutic agents have been proven to be curative in ccRCC,
their clinical application was limited due to the lack of reliable biomarkers.
Considering the important role of basement membrane (BM) in tumor metastasis
and TME regulation, we investigated the expression of BM-related genes in ccRCC
and identified prognostic BM genes through differentially expression analysis and
univariate cox regression analysis. Then, BM-related ccRCC subtypes were
recognized through consensus non-negative matrix factorization based on the
prognostic BM genes and evaluated with regard to clinical and TME features.
Next, utilizing the differentially expressed genes between the BM-related
subtypes, a risk scoring system BMRS was established after serial analysis of
univariate cox regression analysis, lasso regression analysis, and multivariate cox
regression analysis. Time-dependent ROC curve revealed the satisfactory prognosis
predictive capacity of BMRS with internal, and external validation. Multivariate
analysis proved the independent predictive ability of BMRS and a BMRS-based
nomogram was constructed for clinical application. Some featured mutants were
discovered through genomic analysis of the BMRS risk groups. Meanwhile, the BMRS
groups were found to have distinct immune scores, immune cell infiltration levels,
and immune-related functions. Moreover, with the help of data from The Cancer
Immunome Atlas (TCIA) and Genomics of Drug Sensitivity in Cancer (GDSC), the

Abbreviation: ccRCC, Clear cell renal cell carcinoma; ICls, Immune checkpoint inhibitors; VEGF, Vascular
endothelial growth factor; TKls, Tyrosine kinase inhibitors; TME, Tumor microenvironment; BM, Basement
membrane; ECM, Extracellular matrix; TCGA, The cancer genome atlas; TPM, Transcripts per million; CNV,
Copy number variations; LASSO, Least absolute selection and shrinkage operator; BMRS, BM-related risk
score system; CTA, Cancer testis antigens; HRD, Homologous recombination repair deficiency; ITH,
Intratumoral heterogeneity; SNV, Single-nucleotide variation; TIDE, Tumor immune dysfunction and
evasion; TMB, Tumor mutation burden; MDSC, Myeloid-derived suppressor cell; Treg, Regulatory T cell;
WGCNA, Weight gene correlation network analysis; CNMF, Non-negative matrix factorization; ESTIMATE,
Estimation of stromal and immune cells in malignant tumor tissues using expression data; ssGSEA, Single-
sample gene set enrichment analysis.
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potential of BMRS in predicting therapeutic response was evaluated and some possible
therapeutic compounds were proposed through ConnectivityMap (CMap). For the
practicability of BMRS, we validated the expression of BMRS-related genes in clinical
samples. After all, we identified BM-related ccRCC subtypes with distinct clinical and
TME features and constructed a risk scoring system for the prediction of prognosis,
therapeutic responses, and potential therapeutic agents of ccRCC. As ccRCC systemic
therapy continues to evolve, the risk scoring system BMRS we reported may assist in
individualized medication administration.

KEYWORDS

clear cell renal cell

carcinoma, basement membrane, gene expression, tumor

microenvironment, individualized therapy

1 Introduction

Globally, more than 430,000 individuals suffering from kidney
cancers were newly diagnosed in 2020 and approximately
180,000 people died from this type of cancer (Sung et al.,, 2021). As
one of the major subtypes, clear cell renal cell carcinoma (ccRCC)
could earn a good prognosis when treated at an early stage. However,
around one-third of ccRCC patients were found to be in the metastatic
stage, requiring systemic therapy other than radical surgery (Jonasch
et al,, 2014). Although novel treatments including immunotherapies
and targeted therapies were demonstrated to be curative in this
chemoresistant ~ cancer  type, their clinical effects were
uncontrollable due to the lack of predictive biomarkers for the
therapeutic response and adverse events (Jhaveri and Perazella,
2018; Motzer et al., 2020a). Besides, it was demonstrated that
combined therapy of immune checkpoint inhibitors (ICIs) and
vascular endothelial growth factor (VEGF) tyrosine kinase
inhibitors (TKIs) could exert better curative effects than
monotherapy, leading to a requirement for more individualized
markers for treatment selection (Amin and Hammers, 2018).
Therefore, reliable predictive biomarkers ought to be developed for
the prognosis and therapeutic response of ccRCC.

The tumor microenvironment (TME) is a complex ecosystem
including immune cells, stromal cells, and extracellular matrix,
surrounding and interacting with tumor cells (Blankenstein et al.,
2012). As a highly immune-infiltrated cancer type, ccRCC cells were
able to modulate the TME including immune cells for evasion of anti-
cancer immunity through multiple mechanisms (Diaz-Montero et al.,
2020). The understanding of these mechanisms could facilitate the
application of cancer-specific therapies, such as ICIs, which restored
anti-cancer immunity through interrupting the suppressive signals
from the ccRCC cells (Motzer et al,, 2015). Besides, accumulating
evidence indicated that molecular classification of ccRCC into groups
with distinct TME features could distinguish their prognosis and
therapeutic response (de Velasco et al., 2017). Thus, it would be
valuable to investigate the TME in ¢ccRCC for the discovery of novel
predictive biomarkers.

Basement membrane (BM) is a thin sheet of extracellular matrix
(ECM) lining beneath endothelial and epithelial tissues, mainly
composed of collagen IV and laminin (Yurchenco, 2011). It serves
as one of the barriers preventing cancer cells from invasion, but its
remodeling and stiffness would contribute to the metastasis of tumor
(Chang and Chaudhuri, 2019). Some BM-related genes were revealed
to be associated with the prognosis of RCC. Wragg et al. (2016)
demonstrated that the high expression of LAMA4, a laminin
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component, was correlated with the poor prognosis of RCC
(Wragg et al., 2016; Ho et al., 2017). Moreover, BM could mediate
the signal transduction between the microenvironment and cells. As a
major component of BM, laminin was revealed to have the ability to
modulate the migration, activation and functionality of T lymphocytes
within tumors (Liu et al., 2022). With these concerns, investigating the
BM-related genes in ccRCC may assist in understanding the
relationship between ccRCC and TME and developing predictive
biomarkers.

In the current study (Figure 1), we investigated the expression of
BM-related genes in ccRCC and used them to classify ccRCC patients
into distinct subtypes, based on which a risk scoring system, BMRS,
was established. Comprehensive analyses were conducted to evaluate
the capacity of BMRS in distinguishing the prognosis, TME features,
and therapeutic response of ccRCC. In this way, we constructed a
gene-based BMRS for prognosis and treatment prediction of ccRCC
and provided molecular candidates as novel therapeutic targets.

2 Materials and methods
2.1 Data acquisition

A ccRCC cohort including 539 tumor samples and 72 normal
samples from the KIRC project of The Cancer Genome Atlas (TCGA)
was selected and its RNA expression data, somatic mutation data, and
the corresponding clinical data were extracted from the Genomic Data
Commons Data Portal (https://portal.gdc.cancer.gov). ArrayExpress
(https://www.ebi.ac.uk/arrayexpress) is another public database
containing high-throughput genomic data from more than
75,000 experiments. Gene expression data of a c¢cRCC cohort,
E-MTAB-1980, with 101 tumor samples were acquired from
ArrayExpress and the survival information was obtained from
previous research (Li et al, 2018). The expression data of both
cohorts were transformed into a data format of transcripts per
million (TPM) for better analysis. All the data were publicly
available and no ethical consent was required.

2.2 Investigation of the basement membrane
genes in ccRCC

Jayadev et al. discovered 222 protein-coding genes that were

related to BM and human health (Jayadev et al., 2022). The
expression of these genes was extracted from the TCGA cohort
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FIGURE 1

The flow chart of the current study.

and differentially analyzed between tumor and normal samples with
the help of the R package “limma” to identify the differentially
expressed BM genes (Ritchie et al, 2015). Thereafter, univariate
cox regression analysis facilitated the selection of the prognostic
BM genes from those differentially expressed genes. For a better
understanding of the expression of the prognostic BM genes in
ccRCC, correlation analyses were performed to reveal their
interrelationship. Besides, utilizing the R package “maftool”
(Mayakonda et al., 2018), the variation in these genes was depicted
status and copy number

including both somatic mutation

variations (CNV).

2.3 Discovery and investigation of basement
membrane-related clusters in ccRCC

Consensus non-negative matrix factorization (CNMF) is a
powerful method for the dimension reduction of genomic data to
discover distinguished molecular patterns. Through the R package
‘CancerSubtypes’ (Xu et al., 2017), the expression data of the
prognostic BM genes were used to classify the ccRCC samples in
the TCGA cohort into 2, 3, and 4 clusters. Silhouette width is a
measurement for the evaluation of the classifications and a larger
average silhouette width means more valuable subtypes. Clusters with
the highest average silhouette width were selected for the following
analyses. To further investigate the value of these BM-related clusters,
Kaplan-Meier survival analysis and chi-square test were conducted to
visualize the clinical difference between them. Meanwhile, though
GSEA 4.1.0, gene sets enrichment analysis (GSEA) together with gene
ontology (GO) gene sets assisted the understanding of the molecular
functions enriched in each cluster. Furthermore, Estimation of
STromal and Immune cells in MAlignant Tumor tissues using
Expression data (ESTIMATE) (Yoshihara et al., 2013) was utilized
to quantify the immune and stromal status of ccRCC samples and the
resulting scores were compared between each cluster to discover
whether there were differences in their TME. Besides, we calculated
the infiltrating levels of 23 tumor infiltrating immune cells (TIIC)
through single sample GSEA (ssGSEA) and 14 stoma cells by xCell
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(https://xcell.ucsf.edu/). By comparing the infiltrating level of these
cells between different clusters, their TME differences could be better
understood.

2.4 Construction of a gene expression-based
risk score system

After discovering the distinct features between the BM-related
subtypes, we tended to construct a risk score system based on these
clusters. First, the differentially expressed genes between the clusters
were identified. Then, the TCGA cohort was randomly divided into a
training cohort and a testing cohort in a ratio of 7 to 3. In the training
cohort, expression of the differentially expressed genes was extracted
and used for univariate cox regression analysis to select the prognostic
genes. Through R package ‘glmnet’ (Friedman et al., 2010), Least
Absolute Selection and Shrinkage Operator (LASSO) regression
analysis facilitated identifying those genes with higher association
with ccRCC prognosis, and multivariate cox regression analysis was
utilized to choose the best genes for construction of the BM-related
risk score system (BMRS): risk score = coefficient 1*gene expression
1 + ... + coefficient n * gene expression n (1 to n represent each
prognostic genes).

2.5 Analysis of the prognostic predictive
capacity of BMRS

To investigate the predictive ability of BMRS, the TCGA training
cohort, TCGA testing cohort, TCGA cohort, and E-MTAB-
1980 cohort were respectively divided into high and low risk
groups according to the median risk scores. Kaplan-Meier analysis
was applied in each pair of high and low risk groups to reveal the
relationship between risk score and the overall survival (OS) of ccRCC
patients. Subsequently, with the help of time-dependent Receiver
Operating Characteristic (tROC) curves, the predictive power of
the risk scoring system for the 1-, 3-, and 5-year OS of each cohort
were illustrated and the corresponding values of area under curve
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(AUC) were calculated. Additionally, the clinical features (age, gender,
Fuhrmann grade, and AJCC stage) in high and low risk groups of the
TCGA cohort were compared through chi-square test. Meanwhile, the
ability of BMRS in differentiating ccRCC OS was tested under different
clinical statuses by Kaplan-Meier survival analysis.

2.6 Establishment of a clinical predictive
nomogram

For better application in the clinic, BMRS (high risk vs. low risk)
combined with age (<65-year-old vs. >=65-year-old), gender (female
vs. male), Fuhrmann grade (Grade 1/2 vs. Grade 3/4), AJCC stage
(Stage I/IT vs. Stage III/IV), T stage (T1/2 vs. T3/4), N stage (NO vs. N1),
and M stage (MO vs. M1) were incorporated into univariate and
multivariate cox regression analyses to demonstrate its predictive
value. Furthermore, the resulting values of the multivariate cox
regression analysis were used to construct a nomogram for the
prediction of c¢cRCC survival. The predictive capability of the
nomogram for 3-and 5-year survival was assessed by calibration
plot. Besides, decision curve analysis (DCA) was utilized to
compare the net benefit of BMRS, AJCC stage and two previous
BM-related gene signatures (Zhou et al., 2022a; Xiong et al., 2022) in
predicting 3- and 5-year survival of ccRCC. TCGA cohort was
separated into high and low risk groups according to the median
of nomogram scores and was analyzed to identify their survival
difference.

2.7 Investigation of the genomic variation in
different BMRS groups

The genomic features in high and low BMRS groups were
illustrated and compared through the R package ‘maftool’. The
variation status of the top 20 mutation genes in both groups was
depicted and all the mutated genes were compared between groups to
identify the group-specific mutation. At the same time, by applying
pairwise Fisher’s exact test between every two genes, we wanted to
discover whether there were some exclusive or co-occurrence gene
pairs in the high BMRS group. Furthermore, some tumor
heterogeneity-related features, including single nucleotide variation
(SNV), homologous recombination defects (HRD), cancer testis
antigen (CTA), and
introduced from previous research (Thorsson et al, 2018) and

intratumor heterogeneity (ITH) were

compared between different BMRS groups.

2.8 Analysis of the immune landscape related
to BMRS

In order to investigate the BMRS-related biological processes,
cellular components, and molecular functions, the genes that were
differentially upregulated in the high BMRS group were chosen and
incorporated into GO functional analysis through the R package
‘clusterProfiler’ (Wu et al, 2021). Concerning the immune
microenvironment in ccRCC, the immune scores calculated from
ESTIMATE and the infiltrating scores of 23 TIICs were compared
between BMRS groups. Each TIIC was analyzed through Kaplan-
Meier survival analysis to discover its relationship with ccRCC
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prognosis. Meanwhile, ssGSEA algorithm was utilized to induce
scores representing immune suppression and some immune-related
functions with the help of previously published gene signatures (Yi
et al., 2020). In addition, a publicly accessible website called Tumor
Immune Dysfunction and Exclusion (TIDE, http://tide.dfci.harvard.
edu) which provides a platform for estimation of T cells dysfunction
scores based on gene expression data, was adopted to compare the
T cells status between high and low BMRS clusters.

2.9 Exploration of the therapeutic predictive
potential of BMRS

The gene expression of several popular inhibitory immune
checkpoints was extracted and differentially analyzed between high
and low BMRS groups. Additionally, the immunophenoscores, which
are estimated scores of immunotherapeutic response to ICIs for TCGA
samples, were obtained from The Cancer Immunome Atlas (TCIA,
https://tcia.at/home) and compared between BMRS groups. Except for
immunotherapeutic response, sensitivity toward some therapeutic
drugs (Axitinib, Pazopanib, Sorafenib, Sunitinib, and Mitomycin C)
clinically used for ccRCC patients were predicted through R package
‘pRRophetic’ (Barbour et al., 2014), which connects a large amount of
gene expression and drug sensitivity data in Genomics of Drug
Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org).
Furthermore, the gene expression of immune chemokines, immune
receptors, and major histocompatibility complex (MHC) molecules
was correlated with BMRS with the concern of discovering potential
therapeutic targets. Besides, we uploaded the top 150 upregulated
genes in high and low BMRS groups respectively to ConnectivityMap
(CMap, https://clue.io) for exploration of potential therapeutic
compounds for patients in each group.

2.10 Transcriptome sequencing analysis

To further prove the applicability of BMRS, we collected clinical
ccRCC and adjacent normal samples (18 ccRCC and 6 adjacent normal
samples) for transcriptome sequencing analysis. This project was
supported by the hospital ethics committee and consent was
acquired from all the patients. In line with the protocol of the
manufacturer, each ccRCC and adjacent normal samples underwent
paired-end sequencing on the NovaSeq 6000 high-throughput
sequencing platform (Illumina, United States) to remove sequencing
reads containing aptamer sequences and low-quality reads as well as
bases. Then, high-quality pairwise reads were aligned to the human
genome GRCh38 through HISAT2 (v2.1.1), generating BAM files. BAM
files were arranged by samtools (v1.15.1) and then counted with the help
of Subread (v2.0.1). Raw counts of transcripts per gene were converted
to the format of TPM, allowing better analysis of gene expression
between samples. Thereafter, the genes enrolled in BMRS were
differentially analyzed between the normal and ccRCC samples.

2.11 Statistical analysis
All the analyses process in the current study were achieved

through the usage of R 4.1.0 and R studio Desktop 2022.07.1 +
554. The graphs displayed were drawn by R studio Desktop
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2022.07.1 + 554 and Adobe Illustrator CS6 (64 Bit). During
differentially expression analysis, genes with the absolute value of
log fold change (logFC) more than were selected. p-value less than
0.05 was regarded as significant for all analyses.

3 Results

3.1 Identification of the differentially
expressed and prognostic BM genes

Differential expression analysis of the 222 BM genes between

539 ccRCC samples and 72 normal samples revealed that there were
106 differentially expressed BM genes, in which 39 genes were

Frontiers in Genetics

169

downregulated and 67 genes were upregulated (Supplementary
Table S1). Then, after univariate cox regression analysis, 49 BM
genes were demonstrated to be prognostic including 26 protective
genes and 23 risk genes (Supplementary Table S2). A substantial
positive correlation existed between these prognostic BM genes
indicating that they were highly interconnected (Figure 2A). As for
the genomic variation that happened in these genes, 25.6% of the
ccRCC samples possessed prognostic BM gene alterations and more of
these alterations were missense mutations (Figure 2B). The top
3 mutated genes were HMCN1 (5%, risk gene), COL6A3 (3%,
protective gene), and COL4A5 (2%, protective gene). In addition,
the CNV of these genes was analyzed and a relatively low frequency of
CNV was discovered, except for SPARC (21.0%, gain of function), and
TGFBI (19.8%, gain of function) (Figures 2C, D).
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BM gene-based classification of ccRCC patients. (A) Survival analysis of the two ccRCC clusters classified based on BM genes. (B) The sample similarity
matrix plot of the two identified clusters. (C) The Silnouette width plot of the two BM-related subtypes. (D) The heatmap depicting the distinct clinical features
and gene expression between cluster (A) and cluster (B). (E, F). The biological processes that enriched in cluster (A). (G) Comparison of the stromal score,
immune score and ESTIMATE score between cluster (A) and cluster (B). (H, 1) The different infiltration levels of immune cells and stromal cells between

the two BM-related subtypes.

3.2 Recognition of BM-based clusters of
ccRCC

The 49 differentially expressed and prognostic BM genes were
further used for the classification of ccRCC patients through CNMF
algorithm. As the results show, the samples could be classified into two
separate clusters A and B, in which cluster A had significantly lower
OS than cluster B and the average silhouette width was 0.94 (Figures
3A-C). For the reason that the average silhouette widths were
relatively low, classifications of 3, 4, and 5 clusters were not under
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consideration (Supplementary Figure S1). By comparing the clinical
features in both clusters, we discovered that the ccRCC samples in
cluster A had more advanced features including Fuhrmann grade,
AJCC stage, T stage, N stage, and M stage. There were more males in
cluster A than in cluster B while the age distributions in both clusters
were similar (Figure 3D). The differentially expressed analysis also
indicated that some metastasis-related genes, such as MMP13 and
ROS1 were upregulated in cluster A. The following GSEA analysis
demonstrated that basement membrane-related functions like
collagen fibril organization and collagen catabolic process were
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FIGURE 4

Construction and evaluation of the risk scoring system BMRS. (A) The forest plotillustrating the 7 genes resulted from multivariate cox regression analysis.
(B, C) Distribution of the risk scores and survival status of ccRCC patients in the TCGA training cohort. (D, F) The Kaplan Meier survival curve comparing the
overall survival between high and low risk groups in the TCGA training cohort and E-MTAB-1980 cohort respectively. (E, G) The tROC curve of the risk score
for 1-, 3-, and 5-year survival in the TCGA training cohort and E-MTAB-1980 cohort. (H) Comparison of the clinical features in high and low risk groups.

more prominent in cluster A. Meanwhile, some immune-related
biological processes were notably enriched in cluster A, such as
positive regulation of T helper 1 type immune response and
positive regulation of interleukin 17 production (Figures 3E, F).
Considering these enriched functions,
investigated the microenvironment components in both clusters
through ESTIMATE and ssGSEA. It was demonstrated that the
stromal score, immune score and ESTIMATE score in cluster A
were higher than those in cluster B, indicating the rich stromal,
immune components and low tumor purity in cluster A
(Figure 3G). At the same time, cluster A had a higher level of
nearly every type of infiltrating immune cell than cluster B except
for eosinophils, neutrophils, and plasmacytoid dendritic cell
(Figure 3H). As for stromal cells, more adipocytes, chondrocytes,

immune we further

Frontiers in Genetics

171

fibroblasts, and mesangial cells were found in cluster A while cluster B
possessed more endothelial cells, lymphatic endothelial cells and
endothelial 3I). Therefore, the
prognostic BM genes could divide ccRCC samples into two clusters
with distinct clinical and TME features.

microvascular cells  (Figure

3.3 Construction of BMRS risk scoring system
for prognosis prediction

Since the BM gene-based ccRCC subtypes could discriminate
prognostic and clinical features, we would like to derive a more
applicable risk scoring system from these subtypes. In the TCGA
training cohort, the differentially expressed genes between clusters A
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and B were identified (Supplementary Figure S2A). Based on these
genes, univariate cox regression analysis was conducted and induced
414 prognostic genes (Supplementary Table S3). Subsequently, LASSO
algorithm was applied to obtain 12 genes that were significantly
associated with the prognosis of ccRCC (Supplementary Figure
S2B, C). Then, these 12 genes were incorporated into multivariate
cox regression analysis (Figure 4A), inducing a risk scoring system,
BMRS, based on 7 genes, CCDC85A, AJAP1, ANK3, P4HA3, C8G,
ADAMS, HJURP.

3.4 Evaluation of the predictive ability of
BMRS

For the evaluation of BMRS system, we calculated risk scores for
each sample in TCGA training cohort and divided them into high and
low risk groups according to the median risk scores (Figure 4B). It could
be recognized that samples with high risk were more frequently dead
than those with low risk (Figure 4C). At the same time, survival analysis
demonstrated that the high risk group had longer OS than the low risk
group (Figure 4D). The results of tROC curve proved that BMRS system
possessed a great prognostic capacity for 1-year (AUC = 0.813), 3-year
(AUC = 0.753), and 5-year (AUC = 0.777) survival (Figure 4E). The
same analyses were applied in the TCGA testing cohort and TCGA
cohort as an internal validation and delivered similar results
(Supplementary Figure S2D-K). As an external validation, the
survival analysis result and tROC curve derived from E-MTAB-
1980 also supported that BMRS could discriminate the prognosis of
ccRCC and had high accuracy (Figures 4F, G, 1-year AUC = 0.867, 3-
year AUC = 0.832, and 5-year AUC = 0.843). Furthermore, survival
analyses of high and low risk groups in the TCGA cohort under various
clinical situations were conducted and revealed that BMRS could
discriminate ccRCC survival in most situations (Supplementary
Figure S3). Meanwhile, the Fuhrmann grade, AJCC stage, T stage, N
stage, and M stage in the high risk group were notably higher than those
in the low risk group, which was in line with the poor prognosis in the
high risk group (Figure 4H). Moreover, we evaluated the gene
expression of the genes used for BMRS and the results demonstrated
that most of the genes were differentially expressed in ccRCC
(Supplementary Table S4), consistent with the above analysis. In this
way, a reliable risk scoring system BMRS was constructed with
considerable predictive capacity.

3.5 Establishment of a clinical nomogram
based on BMRS

For better application of the BMRS in clinic, we evaluated its
predictive ability with the consideration of the clinical variables.
Analyzing risk score and clinical variables cooperatively, univariate
cox regression analysis revealed that only age and gender could not
predict ccRCC prognosis (Figure 5A). The following multivariate cox
regression analysis uncovered the independent prognostic predictive
ability of BMRS, T stage and M stage (Figure 5B). Thereafter, the
Fuhrmann grade, T stage, M stage and BMRS risk were incorporated
to establish a nomogram (Figure 5C). The calibration curve depicted
the 3-year and 5-year OS predicted by the nomogram had a
satisfactory consistency with those observed in clinic (Figure 5D).
While compared with the clinically popular TNM stage, Zhou’s and
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Xi’s gene signatures, the nomogram could deliver higher net benefit in
3-year (Figure 5E) and 5-year OS prediction (Figure 5F). The survival
analysis also demonstrated that samples with high points had
significantly lower OS than those with low points (Figure 5G).
Thus, BMRS could not only independently predict ccRCC survival
but also assist in establishing more competitive predictive methods.

3.6 The genomic variation in different risk
groups

After discovering the clinical significance of BMRS, further analyses
of the underlying genomic alterations were under concern. In both risk
groups, the mutation of VHL (44%), PBRM1 (38%), TTN (13%), and
SETD2 (11%) comprised the major part of all gene alterations
(Figure 6A). The following comparison revealed that 10 mutants were
occurring more frequently in the high risk group (Figure 6B). Among
these mutants, SETD2 was the most frequent and significant one and
most of its mutation happened in the non-coding area (Figure 6C).
Besides, the discovery of the relationship between gene variations
uncovered a notable co-occurance of SETD2 and PBRMI1 mutation.
At the same time, the mutation of MUC16 and BAP1 also exhibited a
significant positive inter-relationship while MUC17 and VHL mutation
were mutually exclusive (Figure 6D). Apart from these mutational
differences, the high risk group was demonstrated to have higher
scores of SNV antigens and HRD, indicating the high genomic
heterogeneity in patients with high BMRS risk (Figures 6E, F).
Meanwhile, the CTA and ITH scores in the high risk group were
significantly higher than those in the low risk group (Figures 6G, H).

3.7 The association between BMRS and the
immune landscape of ccRCC

Considering that BMRS was derived from the BM-related clusters
with distinct functional and immunal features, we also investigated the
functions associated with BMRS. Similar to the above results, the high
risk group was enriched with BM-related functions, such as
extracellular structure organization and extracellular matrix
organization. Meanwhile, there were some immune involvements
recognized in the high risk group including humoral immune
response and acute inflammatory response (Figure 7A). The
comparison of immune scores between the two risk groups also
indicated that the high risk group had a higher immune level than
the low risk group (Figure 7B). For a better understanding of this
immune involvement, we further evaluated the infiltrating immune
cells in each group. As the results showed, most of the immune cells
were more frequently infiltrated in the high risk group than in the low
risk group except for eosinophil and neutrophil whose infiltrating
levels were lower in the high risk group (Figure 7C). Survival analyses
were conducted for each immune cell and it was revealed that some
innate immune cells like neutrophil, and mast cell were protective
cells. Most of the immune cells enriched in the high risk group were
associated with poor survival, including suppressive immune cells
(e.g., MDSC) and effector immune cells (e.g., activated CD8 T cell).
For an exploration of this connection between abundant immune
infiltration and poor survival, the functionality of the immune
environment was assessed, delivering a result that ccRCC samples
with high risk scored higher on immune suppression and T cell
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FIGURE 5

Establishment and evaluation of the clinical predictive nomogram. (A, B) The forest plots depicting the results of univariate cox regression analysis and
multivariate cox regression analysis respectively. (C) The nomogram based on grade, T stage, M stage, and risk score. The red dot lines represented an example

of the total point calculation. (D) The calibration curve testing predictability of

the nomogram for 3- and 5-year survival. (E, F) The DCA curves comparing the

net benefit of nomogram, TNM stage, Zhou's and Xi's gene signatures for prediction of 3- and 5-year survival respectively. (G) The Kaplan Meier survival
curve comparing the overall survival of ccRCC patients with high and low points.

dysfunction than those with low risk (Figures 7D, E). Moreover,
although high-risk samples had a higher level of most immune
functions like APC co-stimulation and T cell co-stimulation, their
scores of some negative immune functions such as APC co-inhibition
and T cell co-inhibition were also greater than low-risk samples
(Figure 7F). Therefore, BMRS may have a relationship with the
suppressive immune microenvironment of ccRCC.
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3.8 The therapeutic predictive potential of
BMRS

After the investigation of BMRS and the immune
microenvironment, the potential relationship between BMRS and
immunotherapies was under consideration. Differential analysis of

the gene expression of inhibitory immune checkpoints showed that
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FIGURE 6

"Homologous Recombination Defects Intratumor Heterogeneity

Genomic analysis in accordance with the BMRS risk groups. (A) The waterfall plot representing the top 20 mutated genes in both risk groups. (B) The
mutants that significantly differentiated between high and low risk groups. (C) Exhibition of the mutation sites and types of SETD2 in both risk groups. (D) The
correlation of the mutants in the high risk group. (E=H) Comparison of SNV neoantigens, HRD, CTA score, and ITH between high and low risk groups.

PD1, CTLA4, LAG3, and TIGIT were significantly upregulated in the
high risk group (Figure 8A). Data on immunotherapeutic response
predicted by TCIA demonstrated that high-risk ccRCC patients
possessed a higher level of IPS to CTLA4 inhibitor and combination
of PD1 and CTLA4 inhibitors than low-risk patients, indicating high-
risk patients may respond better toward these two strategies of
immunotherapies (Figure 8B). Apart from immunotherapies, we also
correlated BMRS with some therapeutic drugs used in clinic. The half
maximal inhibitory concentration (IC50) of sorafenib, sunitinib, and
mitomycin C. were notably lower in the high risk group than in low risk
group, suggesting that ccRCC patients with high risk may have better
outcomes receiving these drugs (Figure 8C).

To discover some additional therapeutic targets, we analyzed the
correlation between BMRS and some immune-related molecules
(Figure 8D). There were multiple immune checkpoints (e.g.,
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CXCL13, and CCL25), immune receptors (e.g., CXCR5, and CCR6)
and MHC molecules (e.g., HLA-E) significantly related to BMRS,
providing potential targets for therapeutic investigation. Moreover, as
predicted by CMap (Figure 8E), molecular compounds like BRD-
K23875128, which is Rho associated kinase inhibitor, could serve as
therapeutic drugs for high-risk c¢cRCC patients. Some other
compounds were also estimated to be effective in low-risk ccRCC
patients, for example, PF-04217903, which is a kind of arginase
inhibitor.

4 Discussion

With the progression of ccRCC research, more treatment options
were available to improve the prognosis of ccRCC patients (Choueiri

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1038924

Tang et al.

A signaling receptor activator activity
receptor ligand activity

serine hydrolase activity

peptidase inhibitor activity
serine-type peptidase activity
serine-type endopeptidase activity
endopeptidase inhibitor activity

collagen-containing extracellular matrix

blood microparticle

R
B cc
owF

protein-lipid complex
lipoprotein particle

plasma lipoprotein particle
high-density lipoprotein particle
humoral immune response:
extracellular structure organization
extracellular matrix organization
antimicrobial humoral response
acute inflammatory response

acute-phase response

ONTOLOGY

10.3389/fgene.2023.1038924

1.00=

== High risk
== Low risk

0.75=

2000 =
0.50=

1000 =

Immune score

0.25=

Cumulative Distribution

0.00=

1 ) 1
1000 2000 3000

Immune Score

O

FIGURE 7

the immune score in different risk groups. (C) The distinct infiltration level of the

0 10 20 40
Count
Risk EJ High E2 Low .
C 1 00 s whk s ke ko Wk o ke * ns ek ek ns * s ns s ns ns ke Wk Wk ns
o
] .
0.75 s . % ﬁ 0.75:
L] L]
; : ., . et 8 . .
% -. ] ° ] ', )
e L]
M . I
g i ) P H > e 1 Risk
£ 2 !' 1 . ’%o.so 1 High
- . . ® . gl e ® Low
025 . (] ¢ of
H
Ll
L[]
L]
o
0.00 e 0.25
P DD P LR PP L FE ST LTSS
DRSO P SIS IR NN A A IO S AP C P
IS FTEITFT O @ T VLSS T SFTFTILIELELS
TSI I F F e F TP I F I I ST &L
& OO &P K é‘# & & N & & & &5 &
() g g > A o ) & oty S 3 ha A Vv
TEFLLTT S S TSl e
SR O © & & N PRI 0.00
S N s ‘
SORS) o Tmmune suppression
O pp!
E F Risk =1 High = Low
o e e e . ns o . . . ns -
2 ﬁ
0.8 ? ?
! ®
Q
®
041 [
Risk
High
5, B ?
0.0
-1
IS IS & F > = 'S 'S s @ @
S & & § & F £ g S S & E
N g o R & g L g S g § §
S & < & § L 65 S & & &
NS S ¢ & & s & & & &
£ & & 5 g & I 4 5 > ~7
N g 8 ¢ $ Fg ¥ & & &
& <) G & & & N > X
K & Q A 12 §’ g
é N
Q0
T cell Dysfunction <

The immune landscape in different BMRS risk groups. (A) The enriched GO functions in the high risk group. (B) The different cumulative distributions of

immune cells in high and low risk groups. (D, E) Comparison of the scores of

immune suppression and T cell dysfunction between the two BMRS groups. (F) The difference in immune functions between high and low risk groups.

and Motzer, 2017). However, the existing predictive markers for the
prognosis and therapeutic response of ccRCC had limited functions
due to the heterogeneity of this type of patient (Greef and Eisen, 2016).
As a component of ECM, BM serves as not only a physical barrier
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against tumor invasion and metastasis but also a mediator of signals
between microenvironment and cells (Bissell and Hines, 2011),
indicating its potential as a target for the investigation of novel
biomarkers. Through analyses of the expression of BM-related
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The potential of BMRS in guiding ccRCC treatment. (A) Comparison of the inhibitory immune checkpoint expression in different risk groups. (B) The

IPS difference of4 types of ICI therapies in high and low BMRS groups. (C) Differential analysis of the IC50 of 5 therapeutic agents between BMRS risk
groups. (D) Correlation between BMRS risk scores and the expression level of immune checkpoints, immune receptors and MHC molecules. (E) Potential

therapeutic compounds predicted for high and low risk groups respective

genes, we discovered two subtypes with distinct clinical and
microenvironmental features and established a 7-gene risk scoring
system for the prediction of prognosis and treatment response of
ccRCC patients.

According to statistics, the prognosis of ccRCC was largely
influenced by the occurrence of distant metastasis, which could
decrease the 5-year survival rate to less than 20% (Siegel et al.,
2022). In line with this finding, our results demonstrated that BM-
related genes could divide ccRCC patients into two clusters with
distinct prognosis features. This could be explained by the
defensive role of BM in preventing the tumor cells from invading
the stroma (Valastyan and  Weinberg, 2011). Matrix
metalloproteinases (MMPs), a series of zinc-dependent proteinases,
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played an important role in the degradation of BM to weaken its
barrier capacity. Without MMPs, the tumor cells could hardly squeeze
through the nanosized pores in the BM (Wolf et al., 2013; Eatemadi
et al, 2017). It was demonstrated that the increased expression of
MMPs was correlated with the invasion and poor prognosis of
carcinomas (Winer et al.,, 2018), and in our study, the upregulation
of MMP13 was identified in cluster A. Moreover, the high infiltration
of fibroblasts in cluster A could also be associated with the expression
of MMPs. It was reported that tumor cells induced the secretion of
MMPs from cancer-associated fibroblasts (CAFs) to modulate BM
(Kessenbrock et al., 2010). Conversely, MMPs such as MMP1 secreted
from tumor cells promote the transdifferentiation of fibroblasts into
CAFs (Heneberg, 2016). In addition to the chemical changes, BM
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could also be modulated into an invasion-favored status. A recent
study revealed that in those BM with high plasticity, cells could
mechanically enlarge the nanosized pores and migrate through BM
without the help of MMPs (Wisdom et al., 2018). Meanwhile, the
stiffness of BM could influence tumor invasion through a protein
called netrin-4 (Net4). Net4 in BM mechanistically bound to laminin
and diluted laminin ternary node complex, softening the BM and
making it more resistant to tumor cell invasion (Reuten et al., 2021).
Therefore, the different statuses of BM could influence the prognosis
of ccRCC and may facilitate the survival prediction.

Based on the BM-related clusters, we constructed a risk scoring
system called BMRS. Genes included in BMRS were found to be
correlated with the progression and metastasis of cancers including
both risk and protective genes. Holliday junction recognition protein
(HJURP) is a kind of centromeric protein, being essential for the
stimulation of chromosome division and cell mitosis (Zhang et al,,
2021). Its upregulation was correlated with an increased invasion and
migration capacity of cancer (Chen et al., 2019). Prolyl 4-hydroxylase
alpha subunit 3 (P4HA3) is also a risk gene that could strengthen the
motility and invasiveness of tumors (Song et al., 2018). As an enzymic
subunit of prolyl 4-hydroxylase, PAHA3 was critical for the stability of
collagen and its dysregulation would directly activate the invasiveness
potential of tumor cells (Nakasuka et al, 2021). Meanwhile, a
disintegrin and metalloproteinase 8 (ADAMS) was another gene
related to enzyme production and could promote tumor metastasis
probably through the degradation of ECM components (Conrad et al.,
2019). Apart from risk genes, BMRS also contained protective genes
including adherens junctional associated protein-1 (AJAP1) and
ankyrin G (ANK3). AJAP1 belonged to multi-protein complexes
named adherens junction, which is critical for cell adhesion and
growth inhibition (Xu et al, 2019; Zhou et al., 2022b). ANK3, a
family member of ankyrins, assisted in maintaining cell stability
through anchoring cytoskeleton to the cell membrane (Wang et al.,
2016). The downregulation of both genes could lead to the
proliferation and invasion of cancer cells. However, little was
85A
(CCDC85A) and complement component 8 gamma (C8G) in

known about coiled-coil domain-containing protein
tumorigenesis and further investigations were required.
Further analysis of the TME in ccRCC revealed that BM-based
clusters and risk groups had distinct immune landscape. Higher
immune scores and infiltration levels of immune cells were
discovered in the cluster or group that possessed more enriched
BM-related functions. It was reported that BM was one of the
barriers through which the extravasation of lymphocytes into
tumor sites should be overcome (Marchand et al., 2019). During
this process, laminin, the major component of BM, played an
important role in mediating the functions of lymphocyte trafficking
(Pozzi et al, 2017). Evidence suggested that laminins containing
LAMA4 favored the transmigration of T cells through providing
some permissive signals while those with LAMAS5 tended to oppose
this process (Sixt et al, 2001). Besides, T cells might adhere less
strongly to LAMA4-bearing laminins but migrate faster across these
lamins than those with LAMAS5 (Zhang et al., 2020). BM distributed
with a higher level of LAMA4-containing laminins would have a
higher potential for lymphocyte extravasation (Wu et al, 2009).
However, we discovered that cluster with high immune cell
infiltration was related to poor prognosis and most of the
infiltrated lymphocytes in ccRCC including CD8 T lymphocyte and
CD4 T lymphocyte were associated with low survival time. This could
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be due to the dysfunction of lymphocytes by the suppressive
lymphocytes and tumor cells. Myeloid-derived suppressor cells
(MDSCs) were a cluster of immune suppressive myeloid cells
frequently found in cancers (Gabrilovich et al., 2007). As their
name suggested, MDSCs exerted suppressive functions on various
cells, especially T lymphocytes (Gabrilovich et al., 2012). They could
induce tolerance of antigen-specific T lymphocytes mainly through
the production of reactive oxygen species (ROS) to nitrate receptors on
T lymphocytes and reduce their responsiveness, inhibiting the anti-
tumor function (Nagaraj et al., 2007). Apart from suppressive immune
cells, tumor cells themselves could transduce inhibitory signals to
lymphocytes for immune evasion (Muenst et al., 2016). Inhibitory
immune checkpoints such as PD1 were targeted by tumor cells to
transform T lymphocytes into suppressive status (Daassi et al., 2020).
Thus, BM remodeling may assist in the development of the rich but
suppressive immune microenvironment in ccRCC.

With an increasing understanding of the mechanisms
strategies  developed
against them were shown to be effective in cancer therapy. ICIs,

underlying tumorigenesis, therapeutic
functioning through interrupting the suppressive signals
transduced by CTLA4 or PD1 to reactivate the anti-tumor
immunity and prevent tumor immune evasion, was approved to
be successful in the treatment of multiple cancers (Sharma and
Allison, 2015).

suppressive environment and restoration of the anti-tumor

It was believed that normalization of the

immunity would be more effective than directly enhancing the
immune function (Sanmamed and Chen, 2018). In line with this
statement, our finding suggested that clusters with high
immunogenicity potential but suppressed responded better to
ICIs. The higher level of SNV, HRD, and CTA in the high risk
group indicated it possessed a higher potential to generate tumor-
associated neoantigens, which were critical for the immune system
to exert anti-tumor function (Meng et al., 2021; van Wilpe et al,,
2021; Wang et al, 2021). Meanwhile, once the suppressive
environment was removed, the relatively high infiltration level
of immune cells served as an immune reservoir that supported a
powerful immune reaction (Waldman et al., 2020). Additionally,
the increased expression of immune checkpoints in the high risk
group was thought to be predictive for immunotherapy (Thommen
et al., 2018). Apart from ICI monotherapy, recent studies had
domonstrated the benefits of treatment combined ICI and TKI,
which could have the better therapeutic capacity (Quhal et al,
2021). Our results also demonstrated that the high risk group was
more sensitive to TKIs including sorafenib and sunitinib, as well as
chemotherapy like mitomycin C. The mutation analysis helped
discover a co-occurance mutant pair, SETD2 and PBRM]1, in which
SETD2 mutation was correlated with a favorable outcome of ICI-
treated patients (Lu et al, 2021) and PBRMI1 mutation was
and TKIs
outcomes (Motzer et al., 2020b), indicating the potential of the

associated with high angiogenesis therapeutic
high risk group for combination therapy. It was demonstrated that
TKIs therapy was associated with improved vessel extravasation
and enhanced drug delivery to tumors (Zhou et al., 2008; Zhou and
Gallo, 2009). Moreover, after TKI treatment, the amount of
suppressive immune cells including Treg and MDSCs was found
to be decreased in TME (Finke et al., 2008; Ko et al., 2009).
Therefore, BMRS constructed in the current study could not
only help individualized administration of immunotherapy but
also assist in the combination therapy of ICIs and TKIs.
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In addition to the existing therapeutic agents, the investigation
was also focus on novel therapeutic targets. In patients with high
BMRS, we identified the upregulation of chemokine (C-X-C motif)
ligand 13 (CXCL13) and its receptor CXCR5. Their interaction
could impede the tumor-specific cytotoxic function of
CD8 T lymphocytes and be related to the recruitment of
suppressive immune cells including MDSCs and Treg
(Ammirante et al., 2014). Inhibitor targeting the CXCL13/
CXCR5 axis was demonstrated to have an encouraging effect on
cancer treatment (Hussain et al., 2019). A Rho associated kinase
inhibitor, BRD-K23875128, may be a potential therapeutic agent
for high risk patients. Rho kinase pathway took part in multiple cell
functions and was implicated in tumor metastasis as well as ECM
remodeling. It may be a candidate for combination treatment due
to its ability to increase sensitivity to other therapeutic drugs (Kim
etal.,2021). As for patients with low BMRS, there may also be some
curative agents. Histocompatibility leucocyte antigen E (HLA-E)
and its cognate inhibitory receptor NKG2A could serve as a novel
immune checkpoint to be targeted for inducing anti-tumor
immunity (Borst et al., 2020). As predicted by CMap, arginase
inhibitor, could also potentially treat patients with high BMRS by
promoting the T cells activation and proliferation to exert an anti-
tumor immune response (Borek et al., 2020).

Overall, the current study identified BM-related subtypes of ccRCC
and constructed a risk scoring system BMRS for prognosis and
therapeutic prediction based on both public and clinical data. The
mutation, TME and treatment analysis also provided potential novel
therapeutic agents for further investigations. Comparing with the
existing similar gene signatures, BMRS possessed higher net benefit
in predicting the prognosis of ccRCC patients. Besides, we had validated
the scoring system and its gene expression using external dataset and
clinical samples. However, the lack of accessibility to clinical treatment-
related data restricted our analysis of BMRS in predicting therapeutic
response. More in-depth study could be conducted to validate the

proposed potential therapeutic targets for ccRCC.

5 Conclusion

In summary, we recognized BM-related subtypes of ccRCC with
distinct survival and TME features. A risk scoring system BMRS was
established for prognosis prediction and individualized treatment
based on BM-related
clusters and risk groups helped identified some therapeutic

instruction. Mechanistic investigations
candidates. With more and more studies focusing on combination
therapy, our results may provide certain practical instructions for

clinical application and future research.
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Introduction: Immune cellinfiltration and metabolic reprogramming may have great
impact on the tumorigenesis and progression of malignancies. The interaction
between these two factors in cervical cancer remains to be clarified. Here we
constructed a gene set containing immune and metabolism related genes and
we applied this gene set to molecular subtyping of cervical cancer.

Methods: Bulk sequencing and single-cell sequencing data were downloaded from the
Cancer Genome Atlas (TCGA) database and Gene Expression Omnibus (GEO) database
respectively. Immune and metabolism related genes were collected from Immport and
Kyoto encyclopedia of genes and genomes (KEGG) database respectively. Unsupervised
consensus clustering was performed to identify the molecular subtypes. Cibersort was
applied to evaluate the immune cells infiltration status. Differential expression analysis
and Gene set enrichment analysis (GSEA) were performed to characterize the molecular
pattern of different subtypes. Multivariate Cox regression analysis was used for
prognosis prediction model construction and receiver operating characteristic (ROC)
curve was used for performance evaluation. The hub genes in the model were verified in
single-cell sequencing dataset and clinical specimens. In vitro experiments were
performed to validate the findings in our research.

Results: Three subtypes were identified with prognostic implications. C1 subgroup
was in an immunosuppressive state with activation of mitochondrial cytochrome
P450 metabolism, C2 had poor immune cells infiltration and was characterized by
tRNA anabolism, and the C3 subgroup was in an inflammatory state with activation of
aromatic amino acid synthesis. The area under the ROC curve of the constructed
model was 0.8, which showed better performance than clinical features. IMPDH1
was found to be significantly upregulated in tumor tissue and it was demonstrated
that IMPDH1 could be a novel therapeutic target in vitro.

Discussion: In summary, our findings suggested novel molecular subtypes of cervical
cancer with distinct immunometabolic profiles and uncovered a novel therapeutic target.
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Introduction

Cervical cancer (CC), a malignancy associated with high-risk
human papillomavirus (HPV), remains the second leading cause of
death in women aged 20-39 despite widespread early screening and
prophylactic vaccination. It was demonstrated that a total of
4,152 women died of CC in 2019 (Siegel et al.,, 2022). It has been
observed that there are significant individual differences in the
prognosis of cancer patients despite controlling for factors such as
age and clinical stage, which is likely due to tumor heterogeneity (Punt
etal., 2017). For example, polymorphisms of TLRs that play a key role
in innate immunity were found to be correlated with susceptibility to
cervical cancer (Pandey et al, 2011). However, the tumor
heterogeneity has not been fully clarified and the prognostic effect
of the International Federation of Gynecology and Obstetrics (FIGO)
staging system does not meet the clinical needs (Kupets and Covens,
2001). Therefore, it is necessary to explore the molecular heterogeneity
and establish a more complete prognostic evaluation system, which
may help improve the precision treatment for cervical cancer.

Cancer cells tend to be in the spotlight of many studies on cancer
biology. However, it has been confirmed that the tumor microenvironment
(TME) is a non-negligible factor in tumorigenesis, in which cancer cells
may interact with extracellular matrix (ECM) and stromal cells. The TME
is composed of a variety of cells, including fibroblasts, endothelial cells,
mesenchymal cells and immune cells (Hanahan and Coussens, 2012).
During interactions with tumor cells, the phenotype of both stromal cells
and immune cells can be shaped to support tumor cell growth (Coussens
et al,, 2013). In the context of choric inflammation caused by cancer cells,
myeloid cell precursors may be induced to proliferate and differentiate into
the myeloid derived suppressor cells (MDSCs) with the binding of soluble
tumor necrosis factor to the corresponding receptor (Sobo-Vujanovic et al.,
2016). Once differentiated, MDSCs may be home to the TME and the
subsequent vicious cycle of chronic inflammation, immunosuppression,
tumor growth and differentiation cannot be stopped, which may result in
poor prognosis (Ugel et al., 2015). Tumor associated macrophages (TAMs)
were abundant in solid tumors and their appearance promoted tumor cell
invasion and metastasis (Qian et al., 2009; Qian et al., 2011). It was
demonstrated that the differentiation states of macrophages can be
influenced by cancer cells (Mantovani and Sica, 2010). For example,
Yang Cheng et al. found that PKN2 derived from colon cancer cells
can inhibit M2 phenotype polarization, which may help promote anti-
tumor immune response and improve prognosis (Cheng et al., 2018).
CD8" T cells play an important role in tumor suppression but they can be
exhausted during the progression of cancer. Yongshuai Jiang et al.
found that PRMT5 derived from cancer cells could suppress the
function of tumor infiltrating T cells and promote the development of
cervical cancer (Jiang et al, 2021). In addition, dendritic cells (DCs)
expressing PD-1 were found to be correlated with advanced stages,
elevated preoperative squamous cell carcinoma antigen levels and
lymph-vascular space invasion, which suggests its role in immune
surveillance dysfunction in cervical cancer (Wang et al., 2022). Overall,
tumor-infiltrating immune cells were one of the important factors for the
survival and prognosis of cancer patients, but the heterogeneity of TME in
cervical cancer has not been fully elucidated and deserves further
exploration.

Frontiers in Genetics

It is well known that metabolic reprogramming is another characteristic
of malignancies and plays an important role in tumor progression. Otto
Warburg found that tumor cells generate energy through glycolysis under
aerobic conditions and produce a lot of lactic acid, which shapes a hypoxic
and acidic tumor microenvironment (Koppenol et al, 2011). Cytotoxic
T cells are the most important cells in the anti-tumor immune response and
their function was restricted by the glucose metabolism of tumor cells,
resulting in tumor progression (Chang et al,, 2015). It was shown that
tumor glycolysis impacted T cell infiltration in the TME and impaired the
efficacy of adoptive T cell therapy (Cascone et al,, 2018). Aerobic glycolysis
in tumor cells has been shown to promote the infiltration of MDSCs,
thereby suppressing anti-tumor immune responses in triple-negative breast
cancer (Li et al, 2018). On the other hand, immunomodulatory cells like
M2 macrophages and regulatory T cells may impact the function of T cells
by depleting the arginine in the TME (Speiser et al, 2016). Glutamine
metabolism in tumor cells was enhanced in the TME where aerobic
glycolysis produced large amounts of lactate, which caused glutamine
deprivation to infiltrated immune cells and affected their proliferation
(Carr et al, 2010). Tryptophan metabolism was found to play a role in
immunosuppression state in various tumors (Platten et al,, 2019). IDO1,
one of tryptophan metabolizing enzymes, was demonstrated to correlate
with low tumor infiltration of T cells in colorectal cancer (Brandacher et al.,
2006), ovarian cancer (Inaba et al., 2009), and endometrial cancer (Ino et al.,
2008). High levels of IDO and TDO have also been shown to contribute to
impaired anti-tumor immune responses (Munn et al., 2005). Luc Pilotte
et al. found that activation of tryptophan metabolism-related enzyme
TDO2 in tumor cells can significantly inhibit the activation of T cells
(Pilotte et al, 2012). Mutations of the isocitrate dehydrogenase genes
IDH1 and IDH2 were found in the lower-grade glioma (LGG) and the
mutated forms could convert a-ketoglutarate (a-KG) to the oncometabolite
R-2-hydroxyglutarate 2HG) (Ichimura, 2012). Kohanbash G et al. found
that IDH-MUT glioma reduced the production of T cells attracting
chemokines and the accumulation of T «cells was suppressed
(Kohanbash et al., 2017). Therefore, tumor metabolic status can have an
impact on infiltrating immune cells and may be a target for improving the
efficacy of tumor immunotherapy.

In order to explore the heterogeneity of the TME in cervical
cancer, an immune-metabolism related gene set was constructed and
was applied to the identification of subgroups with prognostic
significance in cervical cancer from The Cancer Genome Atlas
Project (TCGA). Immune cell infiltration and metabolism status
were evaluated respectively and the interaction was explored.
Besides, we constructed a prognostic model in cervical cancer and
validated the expression of key genes on a single-cell dataset from
Gene Expression Omnibus (GEO). Our findings suggested the
existence of immuno-metabolic subgroups of cervical cancer and
uncovered novel therapeutic targets for cervical cancer.

Methods and materials
Human cervical cancer cohorts

The gene expression data of cervical cancer and the corresponding
clinical information in the Cancer Genome Atlas (TCGA) were
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downloaded from the UCSC data portal (https://xenabrowser. net),
which consists of 306 cervical tumor samples and 3 normal samples.
We used the corresponding annotation file from the same database to
convert the transcriptome raw count value in TCGA cohort to
transcripts per kilobase million (TPM) values.

Construction of the immunometabolism
gene set and identification of the subtypes

851 immune related genes were downloaded from the Immport
database (https://www.immport.org/home) and 1,401 metabolism
related genes were downloaded from the Kyoto Encyclopedia of
Genes and Genomes (KEGG) database (https://www.genome.jp/
kegg). We applied the univariate Cox proportional hazards model
to evaluate the association of these genes with overall survival. We
included the genes with HR < 0.8 or HR > 1.2 and p values < 0.05 in the
subsequent sample clustering. ConsensusClusterPlus, an R package
designed for unsupervised consensus clustering, was used to identify
the subclusters of the TCGA-CESC cohort.

Evaluation of differences in gene expression
and metabolism pathways among the
subtypes

R (4.2.1) was used to identify the differentially expressed genes
(DEGs) among the cervical cancer subtypes with the EdgeR
package. Genes with an absolute value greater than 2 and an
FDR value less than 0.05 were considered as DEGs. To clarify
the pathway status among subtypes, Gene set variation analysis
(GSVA) was performed with GSVA package to calculate the
enrichment score of different pathways in every single CESC
sample, including “hallmark gene set,” “KEGG gene set,” “GO
biological processes,” “GO cellular components” and “GO
molecular functions” downloaded from the Molecular Signatures
Database (MsigDB, https://www.gsea-msigdb.org/gsea/msigdb).

Evaluation of the immuno-metabolic
microenvironment

Cibersort, a deconvolution algorithm for dissecting the cell
component in bulk sequence data, was used to characterize the
infiltrated and the
corresponding cell states (Newman et al, 2015). As for the

abundance of various immune cells
evaluation of difference in metabolic status, 85 metabolic pathways
and the corresponding gene sets were acquired from the KEGG
database and the single sample gene set enrichment analysis
(ssGSEA) algorithm was used to calculate the enrichment scores.
Subsequently, Limma package was used to perform the differential

analysis of the metabolic pathways.

Generation of the prognostic gene signature
The entire cohort was randomly divided into a training dataset

(70%) and a validation dataset (30%). In the training cohort, the Lasso-
Cox regression analysis was used to select the genes with prognostic
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value, Then, a multivariate Cox hazard ratio model was constructed
with 10 genes selected. The risk score was calculated based on the
expression data in the validation cohort and the corresponding
coefficients in the model. According to the coefficients in the
model, the formula for calculating the risk score is: risk score =
FLT3LG*(-0.147) + IMPDHI*(-0.011) + OPRDI*0.836 +
MOCS1*0.163 + 1L1B*0.331 + GALNT10%0.489 +
TNERSF11B*(-0.048) + LDHC*(-1.075) + ISG20*(-0.444) +
TRAV12_3%(-0.134). Finally, We used the survivalROC package to
evaluate the prognostic value. With the median value of risk score, we
divided the entire cohort into high and low risk groups, for which
survival analysis was performed.

Gene expression analysis at single cell
resolution

To elucidate the cell specificity of gene expression and validate the
difference between tumor and normal samples. GSE168652, a single
cell sequencing data of cervical cancer derived from Hua’s research (Li
et al,, 2021) was downloaded from Gene Expression Omnibus (GEO)
datasets. Seurat (version 4.1.1) was used to perform quality control,
data filtration, data scale, dimension reduction, clustering and cell type
annotation, in which the criteria were set the same as the original
research. For pseudo-time trajectory analysis, Monocle (version
2.20.0) was used to analyze the cell state transition of cancer cells
and visualize the gene expression patterns along the trajectory.

Immunohistochemistry

Human cervical cancer tissue sections were retrospectively
obtained from surgical resections that were fixed in buffered
formalin, embedded in paraffin, and stored at the Zhujiang
Hospital, Southern Medical University, Guangzhou, China. The
corresponding clinical data were obtained from medical records
and identified. The ethics
approved the use of the clinical specimens. For THC staining,
antigen retrieval was performed by heat treatment in a microwave

committee of Zhujiang Hospital

oven for 21 min in Tris-ethylene diamine tetraacetic acid (EDTA)
buffer solution (0.05mol/L Tris, 0.001 mol/L EDTA; pH 8.5).
Endogenous peroxidase activity was inactivated using 0.3% H,O,
for 10 min followed by washing with PBS (Gibco, C14190500BT).
After blocking by 5% BSA for 20 min, the slides were incubated
overnight at 4°C with the following primary antibodies used
(proteintech, 22092-1-AP-50UL). After washing with PBS, the
sections were incubated with HRP conjugated goat anti-rabbit IgG
secondary antibodies (Cell Signalling, 7074) for 50 min. Finally,
detected
(Servicebio, G1211), followed by re-staining with hematoxylin.
Images were obtained by using 3D HISTECH (Pannoramic MIDI II).

immunoreactivity ~ was using  3,3-diaminobenzidine

Cell culture

Human cervical cancer cell lines HeLa, SiHa, Caski and c33a were
purchased from the Procell Life Science&Technology Co.,Ltd. Cells
were cultured in Dulbecco’s modified Eagle’s medium (DMEM) with
supplement of 10% fetal bovine serum (FBS) (Gibco, 10099-141C) and
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100 units/mL penicillin and streptomycin (Sigma, St. Louis, MO,
United States) at 37°C with a humidified atmosphere of 5% CO,
maintenance.

Western blotting

Cells were homogenized in RIPA lysis buffer (sc-24948; Santa
Cruz Biotechnology, Inc.), and protein contents were measured using
Bicin-choninic Acid (BCA) protein assay kit (CWBIO, CW0014S).
Incubate cell protein with SDS-PAGE loading buffer (CWBIO,
CW0052S) at 100°C for 10 min to denature the protein. After
electrophoresis with SDS-PAGE, the separated proteins from the
(PVDEF)
membrane and then were subjected to western blotting with

gel were transferred onto polyvinylidene fluoride
specific primary antibodies followed by detection with horseradish
peroxidase-conjugated secondary antibody (solarbio, SE134-1mL,
SE131-1 mL) and enhanced chemiluminescence (Merck millipore,
WBKLS0100). The antibodies used in this study include the
following: anti-IMPDHI1 antibody (proteintech, 22092-1-AP-50UL,
1:2000); GAPDH (MC4) Mouse Monoclonal Antibody (Beijing Ray
Antibody Biotech, RM 2002, 1:50000). Image] software was used to
quantify the protein bands. Target protein expression was normalized
to GAPDH to correct for loading.

Quantitative real-time PCR

Total RNA from cells was isolated by TRIzol extraction according
to the manufacturer’s instructions (Thermo Fisher, 15596026), and
c¢DNA was synthesized with a reverse-transcription kit (Vazyme,
R323-01). The quantitative real-time PCR (qRT-PCR) experiment
was conducted using SYBR Green Real-Time PCR Master Mix Kit
(Vazyme, Q711-02) with the Light Cycler LC480 (Roche). Primer
pairs for quantitative real-time PCR were synthesized from Tsingke
Biotechnology Co., Ltd. IMPDHI(F: 5-CAGCAGGTGTGACGT
TGAAAG-3/, R: 5'-AGCTCATCGCAATCATTGACG-3");
ACTB(F: 5-AGAGCTACGAGCTGCCTGAC-3', R: 5'-AGCACT
GTGTTGGCGTACAG-3") Values were calculated by the change in
threshold method (AACT).

CCK8

Cells were seeded at 5,000 cells per well in 96-well plates according
to the manufacturer’s guidelines. Cells were allowed to adhere
overnight, and treated with different interventions (n = 3 wells/
group) for the indicated time. A total of 10 uL Cell Counting Kit-8
(CCKB8) reagents (APExBIO, K1018-5) were added and incubated for
1 h. Then, the absorbance was read at 450 nm. Statistical analysis
(mean * SD) with triplicates is shown.

Flow cytometry

After induction of apoptosis, cells from each treatment condition
were washed once in PBS. The apoptotic rate was evaluated according
to the protocols provided by the Annexin V-FITC Apoptosis
Detection Kit (Beyotime, China). Generally, 1 x 105 cells were

Frontiers in Genetics

10.3389/fgene.2023.1067666

diluted within buffer, and stained with FITC-conjugated Annexin
V and PI according to the manufacturer’s instructions. The cell
mixture was cultured at room temperature for 20 min and then
analyzed by the CytoFLEX instrument (Beckman).

Transfection

For knockdown assays, short interfering RNAs (siRNAs) targeting
IMPDHI were synthesized by RiboBio Co., Ltd. (Guangdong, China).
The sequence are listed: genOFFTM st-h-IMPDHI1_001: 5'"-GGTGAT
GACGCCAAGGATT-3'; genOFFTM st-h-IMPDH1_002: 5'-GCA
CCGACCTGAAGAAGAA-3'; genOFFTM st-h-IMPDHI1_003: 5'-
GTACAAGGTGGCTGAGTAT-3"; All cells were transfected using
Lipofectamine 3000 Reagent (Invitrogen, Carlsbad, CA, United States)
according to the manufacturer’s instructions.

Statistical analysis

Cox regression model was used to evaluate the hazard ratio and
prognostic significance of genes in the OS. KM and Cox regression
analysis were applied to calculate the significance of difference in
OS, PFS and DSS. Log-rank test was used to evaluate the statistical
difference of the KM curves. For evaluation of the predictive power
of immuno-metabolism risk score to OS, the time-dependent area
under the receiver operating characteristic curve (AUC) and
C-index (also termed concordance index) were calculated.

Higher value of these two indicators represented better
accuracy. In terms of correlation analysis, the Spearman method
was used to calculate the correlation coefficient and the p-value.
Kruskal-Wallis test was used when the statistical difference of
distribution in three or more groups was examined and Wilcoxon
test was used when comparisons contain only two groups. If not
specified, p values were two-sided and p < 0.05 was defined as

statistically significant.

Results

Identification of the immune-metabolism
subtypes of cervical cancer

The immune related genes and the metabolism related genes were
downloaded from the Immport database and KEGG database
respectively. We constructed an immune-metabolism gene set and
determined the candidate genes with prognostic values using
Univariate Cox proportional hazards regression model analysis. As
a result, the top three immune related genes with unfavorable
prognosis were SHC4(HR = 5.3, p = 0.044, 95%CI, 1-26), LEPR
(HR = 3.4, p = 0.0064, 95%CI, 1.4-8.1) and OPRD1(HR = 3.3, p =
0.00082, 95%CI, 1.6-6.6) while TRGC1(HR = 0.016, p = 0.0051, 95%
CI, 0.00092-0.29), TRGC2(HR = 0.048, p = 0.0029, 95%ClI,
0.0065-0.35) and ANGPTL6(HR = 0.079, p = 0.00017, 95%ClI,
0.021-0.3) were the top three significant protective factors
(Figure 1A). It was reported that SHC4 was involved in the
progression of hepatocellular cancer (Urabe et al, 2020) and
prostate cancer (Zhang et al, 2022). LEPR was found to be
epithelial ~ovarian indicating poor

overexpressed in cancer
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FIGURE 1

Identification of the Immune-metabolism Subtypes of Cervical Cancer (A) Hazard ratio of top 30 immune related genes that meet the requirements of

HR < 0.8 or HR > 1.2 and p < 0.05 associated with overall survival. (B) Hazard ratio of top 30 metabolism related genes that meet the requirements of HR <
0.8orHR>1.2 and p < 0.05 associated with overall survival. (C—E) Kaplan-Meier curves of overall survival, progression free interval and disease specific survival
among the subtypes in TCGA cohort. (F-H) The volcano plots of differentially expressed genes among the three subtypes in TCGA cohort. (I) Heatmap of
differentially enriched hallmark pathways from GSEA database among three subtypes in TCGA cohort.

progression-free survival (Uddin et al., 2009) and its somatic mutation In terms of metabolism, we identified ACSL6 (HR = 20, p = 0.0023,

was found to increase the susceptibility to hepatocarcinogenesis (Ikeda ~ 95%CI, 2.9-140), PDE4D (HR = 4.7, p = 0.011, 95%ClI, 1.4-16) and

et al.,, 2014). PDE2A (HR = 2.8, p = 0.0015, 95%CI, 1.5-5.2) as the top three risk
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Characterization of the Immune Microenvironment Among Different Subpopulations (A) Heatmap of the abundance of 22 immune cells among three
subgroups in TCGA cohort. (B—E) Boxplots of abundance of M1 macrophages, M2 macrophages, CD8" T cells and Tregs among three different subtypes in
TCGA cohort. The differences were compared using the Kruskal-Wallis test. (F,G) Heatmap of differential expression of MHC molecules among three
subtypes in TCGA cohort. (H,I) Difference of co-stimulatory and co-inhibitory molecules expression level in three subtypes. (J) Multivariate cox
regression model constructed based on the immune cells with prognostic value in univariate cox analysis. (K) Kaplan-Meier curves of overall survival between
cohorts in TCGA with high and low abundance of activated mast cells and neutrophils infiltrated.
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factors. AMPD1 (HR = 0.039, p = 0.018, 95%CI, 0.0027-0.57), DBH
(HR=0.19, p=0.031, 95%CI, 0.043-0.86) and HPGDS (HR =0.21, p =
0.041, 95%CI, 0.047-0.94) were identified as the top three protective
factors (Figure 1B). PDE4D was demonstrated to be a tumor-
promoting factor in prostate cancer (Rahrmann et al., 2009) and
BRAF-mutated melanoma (Delyon et al., 2017). Inhibition of PDE4D
helped to overcome tamoxifen resistance in ER-positive breast cancer
(Mishra et al., 2018).

Those genes with HR > 1.2 or HR < 0.8 and p < 0.05 in the Cox
regression model were selected for the subsequent clustering analysis,
which contained 154 immune-related genes and 195 metabolism
related genes. We applied the unsupervised cluster analysis for the
dataset and it was indicated that the entire cohort could be divided into
three subgroups (Supplementary Figures 1A-1F). Survival analysis
showed that overall survival (OS), progression free survival (PFS) and
disease specific survival (DSS) differed significantly among these three
subgroups. The C2 subgroup showed worst prognosis (Figures 1C-E).
There were distinct gene expression patterns among the three
subpopulations so we analyzed the differentially expressed genes
(DEGs) among them (Figures 1F-H). Finally, we identified
97 DEGs between C1 and C2, 197 DEGs between C1 and C3 and
337 DEGs between C2 and C3. To explore the difference in signal
pathway status, we performed GSVA analysis in the three cervical
cancer subgroups. It was indicated that C2 was characterized by some
cancer-related pathways such as angiogenesis, hypoxia, and epithelial-
mesenchymal transition while C3 was shown to have inflammatory
signature, with inflammatory response, interferon gamma response
and reactive oxygen species pathway significantly upregulated. As for
C1 subgroup, it was characterized by estrogen response, KRAS
signaling and xenobiotic metabolism activation (Figure 1I). It is
well known that the rapid progression of malignancy may create a
hypoxic microenvironment and hypoxia can stimulate the expression
of some angiogenesis related factors, which may exacerbate tumor
immunosuppression and adversely affect patient outcomes (Rahma
and Hodi, 2019). Taken together, We identified three subgroups of
cervical cancer with unique molecular features and prognostic
significance.

Characterization of the immune
microenvironment among different
subpopulations

Emerging evidence showed that solid tumor harbor rather
complex components, which included immune cells, fibroblasts,
endothelial cells and mesenchymal cells and tumor cells. Tumor
microenvironment plays an important role in cancer development,
immune escape and metastasis (Quail and Joyce, 2013). Different
immune microenvironment components were closely related to the
responsiveness of chemotherapy, immunotherapy and patient
prognosis (Liu et al, 2022). With Cibersort, we evaluated the
abundance of 22 immune cells infiltrated in the three subgroups. It
was shown that most immune cells infiltrated poorly in the
C2 subgroup while abundantly in the C3 subgroup, moderately in
the C1 subgroup, which indicated that C3 subgroup had better anti-
tumor immune response than others (Figure 2A).Pandey et al. (2009)
found that TLRs, the pathogen recognition receptors mainly expressed
on immune cells, were correlated with susceptibility to cervical cancer.
Therefore we analyzed the expression of TLR2, TLR3 and
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TLR4 among three subtypes and found that C3 had the highest
level, which may account for better innate immunity and better
prognosis in the C3 subgroup (Supplementary Figures 2A-2C).
Anti-tumor immune response includes multiple steps and various
kinds of immune cells were involved in it such as dendritic cells,
B cells, macrophages, nature killer cells, and T cells (Motz and Coukos,
2013). Macrophages can be influenced by tumor cells to differentiate
into M1 or M2 subtypes, wherein M1 is a pro-inflammatory and anti-
tumor subtype while M2 is an anti-inflammatory and tumor-
promoting subtype. We compared the abundance of macrophages
among the three subgroups and found that C2 subpopulation had the
lowest abundance of both subtypes of macrophages while C1 and
C3 were dominated by M2 and M1 macrophages respectively (Figures
2B, C). CD8" T cells are an important part of anti-tumor immunity but
are prone to depletion phenotype transformation in the tumor
microenvironment, which is one of the reasons for the low
response rate of tumor immunotherapy. We found that CD8*
T cell abundance was highest in the C3 subpopulation, lowest in
the C2 subpopulation, and intermediate in the C1 subpopulation,
which may indicate that C2 has the worst anti-tumor immune status
(Figure 2D). As for regulatory T cells, both Cl and C3 were
significantly more abundant than C2 while there was no significant
difference between Cl1 and C3, suggesting that Cl has
characteristics ~ (Figure  2E).
presentation is an important step in immune response, which is

immunosuppressive Antigen
dependent on the expression of major histocompatibility complex
(MHC). It was reported that cancer cells can evade attack by immune
cells through downregulating the expression of MHC molecules
(Marincola et al., 2000; van der Burg et al., 2016). So we evaluated
the expression of several MHC I/II molecules and found that C1 and
than
C3 subpopulation (Figures 2F, G). Activation and expansion of

C2  subpopulations showed lower expression level
T cells require the co-stimulatory molecules and we found that
Cl and C2 had significantly lower levels of co-stimulatory
molecules compared to C3 (Figure 2H). In addition, high levels of
co-inhibitory molecules were detected in the C3 subpopulation, which
may indicate that C3 subpopulation benefits from immune checkpoint
blockade (ICB) therapy (Figure 2I). It is well known that cytotoxic
T cells depend on interferon gamma (IFN-y) and granzyme B to attack
cancer cells (Jenkins and Griffiths, 2010). In our study significantly
lower expression level of these two genes and lower enrichment score
of IFN-y signaling were found in C1 and C2, suggesting impaired
T cells function in these two subpopulations (Supplementary Figures
2D-2E). Finally, we assessed the prognostic significance of various
immune cells in the cohort. Multivariate cox regression analysis
showed that the abundance of memory B cells was an independent
protective factor and that activated mast cells and neutrophils were
independent risk factors (Figure 2J). Survival analysis showed that the
population with higher mast cell abundance had a significantly worse
prognosis than the population with lower mast cell abundance while
neutrophil abundance did not significantly distinguish the cohort for
survival differences (Figure 2K).

Opverall, we identified three subgroups of the cervical cancer cohort
based on the immune-metabolism gene set and analyzed the immune
infiltration status of the three subgroups. We found that C3 had the
highest abundance of immune cell infiltration and was characterized
by inflammation, C2 had the least abundance of immune cells and had
the worst prognosis, and C1 had some immune cell infiltration but
mainly had an immune-exhausted phenotype.
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Metabolic characteristics of cervical cancer subgroups (A) Heatmap of differentially enriched metabolic pathways in three subtypes in TCGA cohort. The
enrichment analysis was performed with GSVA algorithm. (B—D) Volcano plot of differentially enriched metabolic pathways among three subtypes in TCGA
cohort. The differential analysis was performed based on the GSVA analysis. (E) Multivariate cox regression model constructed based on the metabolic
pathways with prognostic value in univariate cox analysis. (F-H) Kaplan-Meier curves of overall survival between cohorts in TCGA with high and low
enrichment score of nitrogen metabolism, steroid biosynthesis and various types of N glycan biosynthesis. The enrichment analysis was performed with GSVA
algorithm. (1) Correlation matrix of the specific metabolic pathways and the 22 immune cells infiltrated in the whole cohort. Correlation coefficients are
represented in the form of heatmap using colored scale ranging from blue (minimum correlation) to red (maximum correlation) and the p-value were

presented.
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Metabolic characteristics of cervical cancer
subgroups

that metabolic
reprogramming in order to adapt to the needs of rapid

It was known malignancies  undergo
proliferation (Martinez-Reyes and Chandel, 2021), resulting in
in the

microenvironment, thereby affecting various cellular components in

abnormal accumulation of metabolites solid tumor
the tumor microenvironment (Li et al., 2019).

Using the GSVA algorithm, we performed an enrichment analysis
of 85 metabolic pathways in the KEGG database for the cervical cancer
cohort. The enrichment score heatmap showed a distinct pattern in
metabolic status among the three subgroups (Figure 3A). Next, we
performed differential analysis of metabolic pathways among the three
subgroups and the results showed that a total of 107 differential
metabolic pathways were identified. After ranking by logFC value,
the top 5 pathways were included in subsequent analysis, and only
those upregulated in comparison with other subgroups were considered
significantly enriched pathways. It was illustrated that the drug
metabolism-cytochrome P450 pathway, metabolism of xenobiotics by
cytochrome P450 pathway and retinol metabolism pathway were
significantly upregulated in the C1 subpopulation (Figure 3B). The
metabolic pathways that were significantly upregulated in C2 were
aminoacyl-tRNA biosynthesis pathway and terpenoid backbone
biosynthesis pathway (Figure 3C). As for C3, phenylalanine, tyrosine
and tryptophan biosynthesis were most significantly upregulated
(Figure 3D). To explore the prognostic significance of multiple
metabolic pathways in the whole cohort, we performed a univariate
cox analysis for each metabolic pathway, and only those metabolic
pathways with statistical significance were included in the subsequent
multivariate cox regression analysis. The results showed that steroid
biosynthesis, various type of N-glycan biosynthesis and nitrogen
pathway were independent risk factors in multivariate cox regression
analysis (Figure 3E). Based on the median of these three metabolic
pathways enrichment scores, we divided the cohort into groups with
high and low levels of the corresponding pathways, and then performed
survival analysis. We found that higher activity of the three metabolic
pathways was associated with worse prognosis (Figures 3F-H). Next, we
performed a correlation analysis between immune cell abundance and
the enrichment scores of metabolic pathways with independent
prognostic value (Figure 3I). The data showed that both nitrogen
metabolism (r = 0.22, p < 0.01) and steroid biosynthesis (r = 0.23,
p < 0.01) pathway were significantly positively correlated with activated
dendritic cell. M1 macrophages were significantly negatively correlated
with the various type of N-glycan biosynthesis pathway (r = —0.24, p <
0.01) while M2 macrophages were significantly negatively correlated
with the nitrogen metabolism pathway (r = —0.14, p = 0.017). The
abundance of CD8" T cells (r = —0.31, p < 0.01) and activated NK cells
(r = -0.16, p = 0.004) showed significantly negative correlation with
steroid biosynthesis pathway. Regulatory T cells (Tregs) are significantly
negatively correlated with the various type of N-glycan biosynthesis
(r = -0.12, p = 0.031) and steroid biosynthesis pathway (r = 0.14, p =
0.016). According to the published research, it was demonstrated that
metabolic reprogramming in tumor cells could impair the anti-tumor
immunity (Hung et al, 2021; Kao et al, 2022). Therefore, it was
indicated that correlation and interaction existed between tumor cells
and infiltrated immune cells in cervical cancer. The phenotype and
function of immune cells may be affected by tumor metabolic
reprogramming, which may promote immune escape in CC.
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Construction of an immuno-metabolic
prognostic model for cervical cancer

Based on the immune-metabolism gene set, we identified patient
subgroups with significantly different prognosis. Therefore, the
immunometabolism gene set was applied to construct a cervical
cancer prognosis prediction model. Firstly, we divided 70% of the
cervical cancer cohort into the training cohort and the remaining
30% into the validation cohort. Then, with the lasso-cox regression
method, we screened the 10 genes with the prognostic value from the
immune metabolism gene set (Figures 4A, B), which included FLT3LG,
IMPDH1, OPRDI1, MCOSI1, IL1B, GALNT10, TNFRSF11B, LDHC,
ISG20 and TRAV12-3. Next, a multivariate cox regression model based
on the 10 prognostic-related genes was constructed in the training
cohort and the risk scores were calculated based on the corresponding
gene coefficients in the model (Figure 4C). With the risk scores, we
performed a prognostic prediction in the validation cohort and the area
under the receiver operating curve of the prediction model was 0.8,
which was higher than that of the clinical stage prediction model of 0.69
(Figure 4D). Based on the median risk score, the whole cohort was
divided into a high-risk group and a low-risk group, and there was a
significant difference in survival between the two groups (p < 0.0001)
(Figure 4E), indicating that immuno-metabolic factors were important
for the prognosis of cervical cancer patients. Additionally, a multivariate
cox regression analysis incorporating immuno-metabolic risk model
scores with FIGO stage, TMN stage, and age was performed, and risk
score was found to be an independent adverse prognostic factor
(Figure 4F). Finally, a nomogram for prognosis prediction was
constructed for cervical cancer (Figure 4G).

IMPDH1 was a significant prognostic risk gene
in cervical cancer

Bulk sequencing failed to distinguish the effects of cellular
components in the TME on tumorigenesis while single-cell
sequencing can make up for this limitation. To verify the cellular
origin of genes in prognostic models, a single-cell transcriptome
dataset of cervical cancer was downloaded from Gene Expression
Omnibus (GEO) database and used for analysis. Data filtration,
integration, and dimensionality reduction clustering were performed
according to the parameter in original research. A total of 13 cell clusters
were identified and cancer cells, endometrial stromal cells, endothelial
cells, fibroblasts, lymphocytes, macrophages, and smooth muscle cells
were annotated respectively according to corresponding cell surface
markers (Figures 5A, B). IMPDH1 and ISG20 were mainly expressed in
tumor cells, while the remaining genes were less specific to tumor cell
origin (Figure 5C). Then we performed a pseudo-time analysis of tumor
cells and compared the expression differences of these genes between
normal cells and tumor cells (Figure 5D). The results showed that the
expression levels of FLT3LG, GALNTI10, IL1B, IMPDHI and
ISG20 were higher in tumor cells than in normal cells, while the
remaining genes could not be identified because of the low
expression levels in tumor cells (Figure 5E). In addition, we found
that with the evolution of tumor cell status, the expression levels of
FLT3LG, GALNTI10, IL1B, and IMPDHI1 remained stable while
ISG20 gradually increased (Figure 5F).
IMPDH1 was one of the isoforms of inosine-5'-monophosphate
dehydrogenase (IMPDH) which contributed to the formation of

It was shown that
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FIGURE 4

Construction of an immuno-metabolic prognostic model for cervical cancer (A,B) Fit and cvfit plots of LASSO screen. (C) Forest plot of Multivariate cox
regression model constructed based on the genes screened out from LASSO in training cohort. (D) ROC curves measuring the predictive value of risk score
and clinical stage. The area under the ROC curve was 0.82 and 0.69 for the risk score and clinical stage, respectively. (E) Kaplan-Meier curves of overall survival
between the cohorts of TCGA with low and high risk score. (F) Forest plot of the multivariate cox regression model constructed with clinical stage, age

and risk score. (G) Nomogram for predicting probability of survival at 3 and 5 years in cervical cancer.

cytoophidia and tumor progression (Ruan et al., 2020a). For further  corresponding molecules. The results showed that there were significant
analysis of IMPDH1, IMPDH2 and ISG20, we divided the TCGA cohort  prognostic differences between groups with different expression levels of
into high and low level groups based on the mean expression levels of ~ IMPDHI but not IMPDH2 or ISG20 (Figure 5G).
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IMPDH1 was A Significant Prognostic Risk Gene in Cervical Cancer (A,B) The t-distributed stochastic neighbor embedding (t-SNE) plot demonstrating the
main cell clusters in cervical cancer and identification of the main cell types. (C) Heatmap shows the expression of genes in the risk models. (D) Development
trajectory plot of cervical cancer cells in pseudo-time analysis. (E) Differential expression of the genes involved in the risk model between the normal cervix
cells and cervical cancer cells. (F) Pseudo-time analysis showing the expression patterns of the genes in the risk model along the tumor progression. (G)
Kaplan-Meier curves of overall survival of the cohorts with low and high expression level of IMPDH1, IMPDH2 and 1SG20 in TCGA.
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FIGURE 6

In vitro validation

It was found at single cell resolution that IMPDHI1 was mainly
expressed in cervical cancer cells. Therefore we validated our finding on
clinical specimens with immunohistochemistry. Compared with normal
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In vitro validation (A) IMPDH1 protein expression in normal cervix tissue and cervical cancer determined using immunohistochemistry. (B) Different
expression level of IMPDH1 in Hela, Siha, Caski and c33a cell lines. (C) CCK8 assay of cell viability under intervention at different concentrations of MPA. (D)
Flow cytometry analysis of apoptosis rate of cells transfected with siRNA. *p < 0.05, **p < 0.01, ***p < 0.001.

cervix tissue, the expression of IMPDHI in cervical cancer was
significantly increased, suggesting IMPDHI may contribute to the

192

progression of cervical cancer (Figure 6A). Then we examined the
expression level of IMPDHI in four cervical cancer cell lines Hela, Caski,
c33a and Siha with western blotting. It was shown that 4 cell lines have
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different expression level (Figure 6B). Mycophenolic acid (MPA) was a
pan-inhibitor of IMPDH and it was demonstrated that targeting
IMPDH with MPA can significantly inhibit growth of the ASCL1""
small cell lung cancer cell (Huang et al., 2018). In our research, we found
that the cell viability of cervical cancer cell lines could also be
significantly inhibited with MPA, which indicated IMPDH could be
targeted in cervical cancer (Figure 6C). In addition, siRNA was used to
knock down the expression of IMPDHI in Hela, Caski and ¢33a cell
lines. Western blotting and qRT-PCR confirmed the knockdown
efficiency (Supplementary Figures 3A-3C). With flow cytometry, we
found that the apoptosis rate was higher in cells transfected with siRNA
(Figure 6D). Taken together, IMPDH]1 may contribute to the growth of
cervical cancer and it can be a novel therapeutic target in cervical cancer.

Discussion

In the present study, we identified three molecular subgroups with
distinct prognosis in cervical cancer from immuno-metabolic
perspective. The differences in tumor infiltrating lymphocytes and
metabolic characteristics among the three subgroups were evaluated
with Cibersort algorithm and GSV A algorithm respectively. In addition,
a risk model based on immune and metabolism related genes was
constructed for prognosis prediction in cervical cancer, which showed
higher accuracy than current FIGO stage in the validation cohort. With
the single cell sequencing data from Hua’s research (Li et al., 2021), we
explored the hub genes’ cellular localization and their expression
found that
IMPDH1 may be a key gene in tumorigenesis, whose expression

patterns during cancer progression. Finally, we
may help shape the TME and promote tumor progression.

Tumor heterogeneity is an important factor affecting the survival
and prognosis of patients with cancer. Molecular stratification has been
applied to multiple malignancies in order to help inform appropriate
clinical decisions, including prostate cancer (Tang et al., 2022), breast
cancer (Wolf et al, 2022), hepatocellular carcinoma (Molina et al.,
2022), intrahepatic cholangiocarcinoma (Martin-Serrano et al., 2022)
and small cell lung cancer (Rudin et al., 2019). It was demonstrated that
multiple molecular subtypes of cervical cancer may be uncovered from
different aspects (Meijer and Steenbergen, 2017). Integration analysis
from The Cancer Genome Atlas Research Network revealed different
molecular features of cervical cancer, which may help personalize
clinical management (Cancer Genome Atlas Research Network et al.,
2017). Maud Kamal et al. discovered the different integration signatures
of HPV genome in cervical cancer that may imply prognostic
significance (Kamal et al, 2021). With the 50 genes having the
largest expression variation, Xiaojun Zhu et al. demonstrated two
molecular subgroups in cervical cancer and explored the
heterogeneity, which provided novel targets for diagnosis and
treatment (Zhu et al., 2022). Here we provided a novel classification
approach to dissect the heterogeneity of cervical cancer from the
immunological and metabolic perspectives. Three immuno-metabolic
subtypes were identified in cervical cancer with significantly different
prognosis. The immune infiltration status was poorer in C2 subgroup
than the other two subgroups and C2 had the worst prognosis. The
expression level of immune checkpoint molecules was higher in the
C3 subgroup, which suggested better response to immune checkpoint
blockade therapy. Due to the limited number of samples, there was no
significant prognostic difference between C1 and C3 subgroups but they

showed distinct metabolism status, indicating novel therapeutic targets
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for tumor metabolism. Therefore, this stratification strategy may
contribute to individualized treatment for cervical cancer.

Immune microenvironment was one of the most important facets of
tumorigenesis (Schreiber et al., 2011). It was demonstrated that the
abundance of tumor infiltrated lymphocytes (TILs) was associated with
favorable patient prognosis (Jérome et al., 2006). Consistent with the
existing evidence, C2 subgroup showed the least immune cells
abundance and therefore the prognosis was worst among the three
subgroups. The phenotype of TILs can be shaped towards
immunosuppressed by tumor cells during cancer progression. For
example, macrophages infiltrating the tumor can be induced to
differentiate into the M2 phenotype that tends to suppress immune
response (Luca and Pollard Jeftrey, 2018). In our study, macrophages in
C1 subgroup were characterized with anti-inflammatory phenotype
while macrophages in C3 subgroup were pro-inflammatory. In terms of
PFI and DSS, C3 subgroup showed better prognosis than C1 subgroup
though the difference was not statistically significant. Therefore, we
speculated that the status of immune cells may determine the prognosis
of cervical cancer. It was shown that the lactate derived from tumor cells
can influence the phenotype of macrophages in lung cancer and
melanoma (Colegio et al, 2014). Our research showed that the
glycolysis level is rather higher in C1 subgroup, which may explain
the difference of macrophage differentiation between Cl and
C3 subgroups. Besides, activated mast cells were found abundant in
C2 subgroup and they indicated poor prognosis in the whole cohort,
which was consistent with the existing evidence (Huang et al., 2008).
Different expression level of TLRs was detected among the three
subgroups, which indicated that distinct status of innate immunity
against HPV may exist in cervical cancer patients and correlate with
prognosis. Due to the data limitation, we cannot distinguish the
expression level or polymorphism of TLRs in cancer cells in TCGA
cohort and therefore the molecular mechanism by which TLRs promote
cervical cancer progression needs further experimental research.

Distinct metabolic patterns were uncovered among the three
immuno-metabolic subgroups. Compared with the other two
subgroups, C2, the subgroup with the worst prognosis, was
characterized with terpenoid backbone biosynthesis and aminoacyl-
tRNA biosynthesis. 3-Hydroxy-3-methylglutaryl-CoA synthase 1
(HMGCS1), a metabolic enzyme that participated in terpenoid
in the
progression of cervical cancer (Zhang et al., 2020a). Besides, Li et al.

backbone biosynthesis, was demonstrated to involve
(2022) showed that isoprenylcysteine carboxyl methyltransferase
(ICMT) may mediate the malignant development of cervical
carcinoma. Other genes in terpenoid backbone biosynthesis pathway
have been demonstrated to play a role in tumorigenesis of breast cancer
(Yu et al,, 2021), prostate cancer (Seshacharyulu et al., 2019) and renal
cell carcinoma (Huang et al, 2021). During protein synthesis,
aminoacyl-tRNA biosynthesis was an Indispensable pathway
catalyzed by 20 essential enzymes that ligate the amino acids to their
corresponding tRNAs and there was evidence that the synthetases may
cause diseases when they were mutated or expressed abnormally (Kwon
et al,, 2019). For example, the expression of glycyl-tRNA synthetase
(GRS) was found to be an indicator of unfavorable outcomes in renal,
urothelial, liver, breast and endometrial cancers (Thul and Lindskog,
2018). In our research, we found a correlation between the metabolism
pathway mentioned above and the rarity of TILs. Therefore we
speculated that metabolism related genes may impact the abundance
and status of TILs in addition to their involvement in tumor metabolic

reprogramming, which deserves further exploration in cervical cancer.
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Ten genes were used for the construction of the prognostic model,
which included FLT3LG, IMPDH1, OPRD1, MOCS], IL1B, GALNT10,
TNFRSF11B, LDHC, ISG20 and TRAV12-3. This model showed better
predictive power than FIGO stage system, suggesting its potential for
clinical application. FLT3LG, the formative cytokine for cDC1, was shown
to be capable of controlling the levels of type I conventional dendritic cells
in TME and increasing the responsiveness of patients to anti-PD-
1 immunotherapy (Barry et al, 2018). In contrast, we validated the
expression levels of FLT3LG at single cell resolution and found that it
was upregulated mainly in cancer cells, which indicated its distinct
function in cervical cancer. IMPDHI is a rate-limiting enzyme of
guanosine triphosphate (GTP) de novo synthesis and it can also form a
filamentous structure called cytoophidia (Keppeke et al., 2020). According
to Ruan et al. (2020b)’s research, cytoophidia formed by IMPDHI may
contribute to the metastasis of clear cell renal cell carcinoma. Consistently,
IMPDH]1, but not IMPDH2, was found to be an indicator of poor
prognosis in our cohort, suggesting that cytoophidia may be a
therapeutic target in cervical cancer. Dysregulated Inflammation
cytokine can exacerbate tumor development. MOCSI is a gene
involved in the molybdenum cofactor biosynthesis pathway (Reiss and
Hahnewald, 2011) but little was known about its function in malignancies.
IL1B was one of the IL-1 family proteins and it was demonstrated to be a
therapeutic target in cancer (de Mooij et al., 2017). Altered glycosylation
was found to occur in malignancy (Oliveira-Ferrer et al, 2017) and
GALNTI0 is one of the glycosyltransferases whose expression was
associated with poor prognosis in high grade ovarian serous cancer
(Zhang et al, 2020b). TNFRSF11B, also termed osteoprotegerin, was
demonstrated to involve in the progression of gastric cancer (Luan
et al., 2020), melanomas (Oliver et al, 2013) and colon cancer (Zhang
et al, 2021) but little was known about its function in cervical cancer.
LDHC is one of the isozymes in lactate dehydrogenase family which
catalyzes the interconversion of pyruvate and l-lactate (Markert et al,
1975). Remy Thomas et al. demonstrated that LDHC could be a targetable
cancer antigen for cancer immunotherapy (Thomas et al., 2020). ISG20 is a
20 kDa protein that was capable of inhibiting multiple viruses and its
expression was shown to contribute to poor survival in glioma (Gao et al,,
2019). Surprisingly, some genes in the model were not detected at single
cell resolution such as OPRD1, a gene encoding the delta-opioid receptor
and TRAV12-3, a gene encoding the T cell receptor alpha variable, which
may be due to the sample heterogeneity of single cell sequencing. Besides,
TRAV12-3 served as a protective factor in the model and it suggested a role
for robust immunity in preventing HPV-related tumors.

There were some limitations existing in our research. Firstly, the
identification of tumor subtypes was based on the analysis of the public
data without further exploration in experiment or clinical investigation.
Second, with limited data resources, the construction and verification
of our prognostic model were performed in different parts of one
cohort, which needs further validation in external cohort. Finally,
bioinformatics methods were used to evaluate the prognostic
prediction power of 10 key genes in cervical cancer but their
underlying molecular mechanisms in the tumorigenesis and
progression deserve further research. Though the clinical specimens
and experimental data showed that IMPDHI can be a therapeutic target
in cervical cancer, more detailed mechanism needs further research.

Taken together, our research provided a novel perspective for
molecular stratification in cervical cancer. Distinct metabolic patterns
were found in three subgroups and the correlation between TILs and
metabolic pathways were explored. Then a risk model for prognostic
prediction was constructed and it showed better performance than
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clinical stage. Immune-metabolism risk score exhibited unfavorable
prognostic significance. Finally, we verified the genes in model at
single cell resolution to figure out the cellular localization and found
that five genes were significantly upregulated in cervical cancer cells.
These findings will help adjust the management strategy for cervical
cancer according to their heterogeneity and uncover novel targets for
cancer immunotherapy.
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Introduction: Gelsolin (GSN), a calcium-regulated actin-binding protein, is out of
balance in various cancers. It can mediate cytoskeletal remodeling and regulate
epithelial-mesenchymal conversion (EMT), but the studies on GSN function in
pan-cancer are limited.

Methods: We studied the transcription level, prognostic impact, diagnostic value,
genetic, epigenetic modification, methylation level and immune significance of
GSN in pan-cancer to fully comprehend the function of GSN in various
malignancies based on multiple databases like The Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO).

Results: Pan-cancer research showed that GSN was downregulated in most tumors
and expressed differently in immunological and molecular subtypes of many cancers.
GSN had varying impacts on the prognosis of various tumor types. However, all had
moderate to high diagnostic efficiency, and serum GSN had good diagnostic value in
breast cancer patients (AUC = 0.947). Moreover, GSN was a distinguishing prognosis
factor for some specific cancer types. The GSN protein was hypophosphorylated, and
its promoter was hypermethylated in most cancers. GSN was linked to the infiltration
level of severalimmunity cells and was essential in anti-tumor immune cellinfiltration.
KEGG and GSEA analyses showed that GSN was vital in the functions and
proteoglycans processes in cancer, chemokine signaling pathway and other
immune-related pathways, DNA methylation and cell cycle.

Discussion: In conclusion, GSN possesses the ability to be a predictive, diagnostic,
and immune indicator in pan-cancer.

KEYWORDS

pan-cancer, GSN, prognosis, serodiagnostics, tumor immunity, methylation

1 Introduction

The Gelsolin (GSN) gene found on chromosome 9933.2 encodes a calcium-regulated actin
regulatory protein of 782 amino acids. It comprises six gelsolin-like homologous domains (G1-G6).
G1 and G4 bind two Ca* in two forms of shared Ca*" with actin and completely wrapped Ca*,
while G2, G3, G5, and G6 each bind one Ca”" in the form of wholly wrapped Ca**, reorganizing the
actin cytoskeleton, which affects cell motility, cell division and apoptosis (Choe et al,, 2002; Nag
etal,, 2009). GSN is widely found in plasma and cytoplasm and acts as a transcriptional cofactor in
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signal transduction, and epigenetic changes affect its expression and
activity and are essential for various diseases, including cancer, infection
and inflammation, and heart damage (Li et al., 2012).

GSN is intimately linked to different types of tumor development as a
vital controller of cell activity, division and death. The low GSN expression
in colon cancer tissues is a favorable factor that improves the prognosis of
colon cancer patients (Kim et al., 2018; Chen et al, 2019a) due to the
silencing of GSN impedes colorectal cancer cell migration and
invasiveness and induces cell cycle stagnation (Huang et al, 2022).
Similarly, GSN, strongly expressed in bladder cancer tissues, is a major
gene for poor prognosis. However, upregulated transcription factor 3
(ATF3) inhibits bladder cancer metastasis through upregulated GSN-
mediated actin cytoskeletal remodeling (Yuan et al,, 2013; Yang et al,
2020). In liver cancer, patients have a poor prognosis with high GSN
expression, possibly because GSN  overexpression increases the
aggressiveness of cancer cells via controlling epithelial-mesenchymal
transition (EMT) (Zhang et al, 2020b). Similarly, GSN, upregulated
expression in non-small cell lung cancer (NSCLC) and breast cancer
tissues, can mediate EMT action to increase cancer cell aggressiveness
(Chen et al,, 2015; Liu et al, 2021). Furthermore, upregulated GSN may
suppress cancer cell proliferation and metastasis for glioblastoma and
myelodysplastic syndrome (MDS) (Zhang et al., 2020a; Deng et al., 2020).
For kidney cancer, knocking down GSN can inhibit cancer cell
proliferation and metastasis (Xu et al, 2017). Accordingly, GSN may
be an excellent prognostic biomarker in the above cancers, but research on
its prognostic value in other cancers needs to be more extensive and clear.

GSN is divided into secretory and cytosolic types, and secretory GSN
may have good value in diagnosing cancer. Serum GSN can act as a
diagnostic marker for colon and esophageal adenocarcinoma (Shah et al,,
2018; Chen etal., 2019b). Also, plasma GSN can be a factor to distinguish
whether people with diabetes have pancreatic ductal adenocarcinoma
(Peng et al,, 2020). Additionally, the combined area under the curve
(AUC) can reach 0.85, which is twice as accurate as the tumor marker
CA19-9 alone (Peng et al, 2020). GSN is also associated with
chemotherapy resistance, and GSN expression levels in gynecological
and head and neck cancers tissues are positively correlated with in vitro
and in vivo chemical resistance (Abedini et al,, 2014; Wang et al., 2014).
Since current research is limited to a single type of cancer, prognosis, or
mechanism, investigating GSN function in a pan-cancer is crucial.

This study examined GSN expression and its diagnostic and
predictive significance in pan-cancer and used the serum of breast
cancer patients to verify it. Moreover, we explored protein
phosphorylation, methylation modification, epigenetic alteration
and other aspects and discussed the correlation between GSN
expression and immunological response, immune cell infiltration
and immune-related gene expression. Finally, functional and
pathway enrichment analyses were carried out, providing ideas
for further functional experiments. This pan-cancer analysis
demonstrated the essential function of GSN in cancer.

2 Material and methods

2.1 Data downloading and GSN expression
difference analysis

RNA-sequencing (RNA-seq) data and related medical data of
the pan-cancer cohort (n = 15,776) were gained from UCSC XENA
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(https://xenabrowser.net/datapages/), containing genotype tissue
expression (GTEx) of 33 different cancers and normal tissues
from The Cancer Genome Atlas (TCGA). Transcripts Per
Million (TPM) formatted
transformed by log2 and merged with subsequent analyses. Data

expression spectrum data was
were validated using expression data from 8 datasets from the Gene
Expression Omnibus (GEO) database, containing GSE42568
GPL570), GSE9750 (platform: GPL96), GSE20916
(platform: GPL570), GSE31547 (platform: GPL96), GSE54129
(platform: GPL570), GSE225638 (platform: GPL570), GSE43176
(platform: GPL96) and GSE15471 (platform: GPL570).

(platform:

2.2 Explore diagnostic and prognostic
potential of GSN

The Cox regression model examined the connection between
GSN expression and outcome in patients with each tumor.
Information was obtained regarding patient survival comprises
overall survival (OS), disease-specific survival (DSS), disease-free
survival (DFS), and progression-free survival (PFS). For conducting
COX regression and plotting Kaplan-Meier (KM) curves, the
“survival” and “survminer” packages were used. Forest and venn
plots were created utilizing the “ggplot2” package to show the
finding. The PrognoScan database (http://dna00.bio.kyutech.ac.jp/
PrognoScan/index.html) analyzed 12 datasets involving 8 tumors to
examine the connection between GSN expression and patient
survival prognoses.

The R package “pROC” was utilized to conduct receiver
operating characteristic (ROC) curve analysis to explore GSN
predicted values in TCGA tumor tissues and the values in the
matching GTEx and TCGA normal tissues. AUC between
0.7 and 0.9 indicates that TUBA1B has a specific diagnostic
ability. AUC > 0.9 indicated good diagnostic ability.

2.3 Serum sample collection and ELISA

A total of 37 breast cancer patients who had surgery in the First
Affiliated Hospital of Xinjiang Medical University were selected.
Simultaneously, 31 healthy women who had a physical examination
were randomly chosen as normal controls. Inclusion criteria were:
@ All patients diagnosed with medical treatment for the first time,
and blood samples were taken before systemic chemotherapy,
radiotherapy, endocrine therapy, targeted therapy and surgical
treatment. @ All patients pathologically diagnosed with primary
breast invasive carcinoma (BRCA). ® All patients had complete
medical records. Exclusion criteria were: patients with other
malignant tumors, autoimmune diseases, liver disease, kidney
disease, and infectious diseases. All subjects signed informed
consent, and the study complied with the Declaration of Helsinki
of the World Medical Association. Also, the First Affiliated Hospital
Ethics Committee of Xinjiang Medical University accepted this
study (20220309-167). Venous blood was collected from the
fasting elbows of all subjects into vacuum collection vessels
without any anticoagulant, and the supernatant was collected
after centrifugation for examination. ELISA detected serum GSN
content (ab270215, Abcam, United Kingdom).
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2.4 Nomograms development and
calibration

First, we assessed risk factors that affected patient prognosis
using univariate and multivariate Cox regressions; therefore,
variables with p-values < 0.1 was employed for subsequent
multivariate Cox analyses. GSN expression was split into high-
and low-expression groups utilizing the average to be the
threshold and then included as an independent factor. The
criteria selected in the multivariate COX regression analysis
were incorporated into the nomogram, and the consistency
(C-index)
nomogram, where 1,000 was used as a replicates number. Plot

index determined the predictive validity of
calibration curves were conducted to contrast the predicted and

the real operating systems.

2.5 Use of online databases

The connection between GSN expression and different
human cancer subtypes was examined using the “Subtypes”
module of TISIDB database (http://cis.hku.hk/TISIDB/index.
php) obtaining the connection between methylation levels and
the degree of immune cell infiltration (Ru et al., 2019).

The “TCGA” module of UALCAN database (http://ualcan.
path.uab.edu/index.html) was employed to contrast the GSN
promoter methylation levels of various malignancies between
normal and TCGA samples (Chandrashekar et al., 2022). From
the “CPTAC” module, the protein content and phosphorylation
level of pan-cancer tissue and its corresponding normal tissue
were analyzed.

To verify the differential expression of GSN at the protein level,
immunohistochemical images of nine cancer tissues and the
matching healthy tissues with various GSN expressions and
protein content were gained from the Human Protein Atlas
(HPA) database (Thul and
Lindskog, 2018).

The “Mutation” module in the Gene Set Cancer Analysis
(GSCA) database (http://bioinfo.life.hust.edu.cn/GSCA/#/) was
employed to assess the copy number variation% (CNV%) within

(https://www.proteinatlas.org/)

every cancer, the connection between the expression of GSN and its
methylation levels and CNV shifts, and the impacts of GSN
methylation levels and CNV changes on pan-cancer prognosis
(Liu et al., 2018).

The “OncoPrint” module of cBioPortal database (https://www.
cbioportal.org) (Gao et al., 2013) was employed to examine the levels
of GSN genetic changes in the “TCGA Pan-Cancer Atlas Studies”
dataset (10.443 samples with mutation data in 32 studies). The
“Cancer Types Summary” module assesses the recurrence of GSN
changes, genetic mutation number, mutation type, and CNV in
every cancer form. The GSN mutation site was evaluated by the
“mutation” module and demonstrated in the 3D structure of its
protein.

The GSN percentage within each CNV and Single Nucleotide
Variation (SNV) type in pan-cancer, was obtained from The
Catalogue of Somatic Mutations in Cancer (COSMIC) (https://
cancer.sanger.ac.uk/cosmic).
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2.6 Association of GSN with tumor immunity

First, we examined the associations between GSN and tumor
mutational load (TMB) and microsatellite instability (MSI) in
several cancers using Sangerbox 3.0 (http://vip.sangerbox.com/)
online database. The “GSVA” and “org.Hs.eg.db” tools were
performed to compute StromalScore, ImmuneScore, and
ESTIMATEScore in the ESTIMATE algorithm (Yoshihara et al,
2013). Eight genes were selected as immune checkpoint-associated
transcripts, and the connection between their expression and GSN
expression in pan-cancer was evaluated. Moreover, a list of genes for
immune activator, immunosuppressive, chemokine, chemokine

receptor, and major histocompatibility complex (MHC)
molecules was gained from the Gene Set Enrichment Analysis
(GSEA)  database  (https://www.gsea-msigdb.org/gsea/msigdb/

index.jsp). The association between GSN expression levels and
immune-related gene expression was examined utilizing the
Spearman correlation coefficient.

The single-sample GSEA (ssGSEA) algorithm was employed to
assess the invasion level of 24 immunological cells in pan-cancer
(Bindea et al, 2013). The EPIC, TIMER, CIBERSORT,
MCPCOUNTER algorithm of the “Immune” module of
TIMER2.0 database (http://timer.cistrome.org/) was utilized to
study the link between GSN expression and levels of immune cell
infiltration in pan-cancer, containing cancer-associated fibroblasts
(CAFs), CD8+ T cells, CD4+ T cells, regulatory T cells (Tregs),
B cells, neutrophils, monocytes, myeloid dendritic cells (mDCs),
macrophages, and natural killer cells (NKs) (Li et al., 2020). The
“Gene_Corr” module was utilized to examine the association
between GSN expression and biomarker expression of CAFs
and mDCs.

2.7 Function and pathway enrichment
analysis

GSN-targeted binding proteins were studied utilizing the
STRING (https://string-db.org/).
detected GSN-binding proteins were created using setting
STRING parameters,
networks were formed. The “Similar Genes Detection” module in

database Experimentally

and protein-protein interaction (PPI)

GEPIA2 (http://gepia2.cancer-pku.cn/#index) was utilized to create
the first 100 genes co-expressed with GSN (Tang et al,, 2019). The
“clusterProfiler” and the “org.Hs.eg.db” tools’ were utilized to
perform enrichment analysis of the GSN functionality, and a
bubble chart shows five of each item. Moreover, GSEA was used
to elucidate the functional pathways of differential GSN in the two
expression groups of varying cancer cohorts, with a gene set of “c2.
cp.v7.2.symbols.gmt” from MSigDB, and all analyses were repeated
5,000 times. A ridge plot shows the highest 15 “Reactom pathways”
for each cancer type.

2.8 Statistical analysis

R software (vs. 4.0.3, https://www. R-project.org/) for statistical
analysis, the “ggplot2” package for a visualization, was used for
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Differences in GSN expression in 33 cancers. (A) GSN mRNA expression difference between TCGA tumor and normal tissues. (B) GSN mRNA
expression difference between tumor and normal tissues with data from the TCGA and GTEx. (C) GSN mRNA expression in TCGA tumor and paired
normal tissues. The differential expression of GSN was analyzed using BRCA (GSE42568) (D), CESC (GSE9750) (E), COAD (GSE20916) (F), LUAD
(GSE31547) (G), STAD (GSE54129) (H), DLBC (GSE225638) (I), LAML (GSE43176) (J), and PAAD (GSE15471) (K) datasets in GEO databases. (*p < 0.05,

**p < 0.01, ***p < 0.001).
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statistical analyses. The Mann-Whitney U test was utilized to
examine variations in expression levels of GSN in unmatched
samples, and Wilcoxon signed rank test was employed for paired
samples. The Spearman correlation coefficient was utilized to study
the association between GSN expression and m6A methylation
regulators, TMB, MSI, immune score, and immune-related genes.
P < 0.05 was regarded as statistically significant.

3 Results

3.1 Differences of GSN expression in pan-
carcinoma and its subtypes

Figure 1A shows GSN expression levels in bladder urothelial
carcinoma (BLCA), BRCA, cervical squamous cell carcinoma and
endocervical adenocarcinoma (CESC), colon adenocarcinoma
(COAD), head and neck squamous cell carcinoma (HNSC),
kidney chromophobe (KICH), kidney renal papillary cell
(KIRP), (LUAD),
squamous cell carcinoma (LUSC), prostate adenocarcinoma
(PRAD), (READ),
adenocarcinoma (STAD), and uterine corpus endometrial

carcinoma lung adenocarcinoma

lung

rectum  adenocarcinoma stomach
carcinoma (UCEC) was reduced contrasted with that of
healthy tissues. In contrast, cholangiocarcinoma (CHOL),
kidney renal clear cell carcinoma (KIRC), liver hepatocellular
carcinoma (LIHC) and thyroid carcinoma (THCA) GSN mRNA
expression patterns were elevated compared with the matching
healthy tissue levels.

GTEx normal tissue was matched to TCGA cancer tissue to
create more persuasive outcomes. Furthermore, we found a
significant elevation in GSN expression of 11 malignancies:
adrenocortical carcinoma (ACC), CHOL, lymphoid neoplasm
diffuse large B-cell lymphoma (DLBC), glioblastoma multiforme
(GBM), KIRC, acute myeloid leukemia (LAML), brain lower
grade glioma (LGG), LIHC, pancreatic adenocarcinoma
(PAAD), testicular germ cell tumors (TGCT), thymoma
(THYM). Conversely, in 17 malignancies: BLCA, BRCA,
CESC, COAD, esophageal carcinoma (ESCA), HNSC, KIRP,
LUAD, LUSC, ovarian serous cystadenocarcinoma (OV),
PRAD, READ, skin cutaneous melanoma (SKCM), STAD,
THCA, UCEC and uterine carcinosarcoma (UCS), GSN
expression was downregulated contrasted with in healthy
tissue (p < 0.05; Figure 1B). In both data, we found different
results at GSN expression levels in THCA. In paired samples
from 18 malignancies, we discovered that GSN mRNA expression
patterns were elevated significantly in malignancies such as
CHOL, KIRC and LIHC compared to neighboring normal
tissues and significantly downregulated in cancers: BLCA,
BRCA, COAD, HNSC, KICH, KIRP, LUAD, LUSC, PRAD,
READ, STAD and UCEC (p < 0.05; Figure 1C). By analyzing
the GEO dataset, we discovered that GSN expression patterns
were reduced significantly in BRCA (p = 6.2e-07), CESC (p =
1.8e-04), COAD (p = 2.9¢-04), LUAD (p = 9.2¢-06) and STAD
(p = 4.4e-09) compared to the corresponding normal tissues
(Figures 1D-H). Concurrently, DLBC (p = 9.7¢-09), LAML (p =
0.01) and PAAD (p =
(Figures 1I-K).

3.5e-07) were significantly elevated
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Herein, the correlation between GSN expression in different
tumor stages was found that in tumors with decreased GSN
expression, including BLCA, THCA and SKCM, the decrease
in GSN expression was more significant in early cancers (Figures
2A-C).In tumors with elevated GSN expression, including KIRC,
the increase in GSN expression was more significant in early
cancers (Figure 2D). This suggested that GSN has the potential to
serve as an essential clinical indicator for the early diagnosis of
malignancy in these cancers.

Then, we employed the TISIDB database to investigate the
differential of GSN in
immunological as well as molecular subtypes. Figures 2E-S

expression various pan-cancer
show that GSN expression varied in 15 cancer subtypes with
distinct molecular subtypes. For tumor types with high GSN
expression, the molecular subtype of CIMP-low in ACC exhibited
the most significant GSN expression (Figure 2E), LGm6-GBM for
GBM (Figure 2H), Mesenchymal-like for LGG (Figure 2K) and
iCluster:2 for LIHC (Figure 2L). Meanwhile, for tumor types with
low GSN expression, GSN expression was the lowest in the
molecular subtype of LumB for BRCA (Figure 2F), HM-SNV
for COAD (Figure 2G), Basal for HNSC (Figure 2I), C2b for KIRP
(Figure 2]), primitive for LUSC (Figure 2M), Proliferative for OV
(Figure 2N), Wnt-altered for PCPG (Figure 20), 1-ERG for
PRAD (Figure 2P), RAS_Hotspot_Mutants for SKCM
(Figure 2Q), HM-indel for STAD (Figure 2R) as well as CN_
HIGH for UCEC (Figure 28).

Moreover, we discovered that GSN expression was significantly
associated with various immunological subtypes of 18 malignancies:
ACC, BLCA, BRCA, COAD, HNSC, KICH, KIRC, KIRP, LIHC,
LUAD, LUSC, OV, PCPG, PRAD, STAD, THCA, UCEC and UVM.
In many cancers, GSN expression was highest in the C3
(inflammatory) immune lowest in the C4
(lymphocyte-depleted) 27). In
summary, immune and molecular subtypes exhibited various

subtype and

immune subtype (Figure

GSN expressions.

3.2 Prognostic and diagnostic value of GSN
in pan-carcinoma

To comprehend if GSN expression influences the outcome of
cancer patients, we carried out a survival analysis according to GSN
expression in cancer patients using the PrognoScan database.
Herein, 11 datasets were included: (GSE5287, GSE17536,
GSE14333, GSE8970, GSE12417, GSE4412, GSE1456, GSE3494,
GSE4922, GSE4475, and GSE13213) from bladder cancer,
colorectal cancer, LAML, LGG, BRCA, DLBC, and LUAD.
Higher GSN expression was related to worse outcomes in
bladder cancer patients, colorectal cancer, LAML, and LGG (Cox
p < 0.05; Figures 3A-G). Lower GSN expression was related to
poorer prognoses in BRCA, DLBC, and LUAD patients (Cox p <
0.05; Figures 3H-M).

Next, we utilized TCGA RNA-seq data to examine the
prognostic value of GSN, including OS, DSS, and PFS. For OS,
we found that low-expression GSN was an adverse factor
affecting OS in patients with CESC, KIRC, SARC, and low-
expression GSN was a protective variable for BLCA, LAML
and LGG patients (p < 0.05; Figure 4A and Supplementary
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FIGURE 2

Correlation of GSN expression with different tumor stages, molecular subtypes, and immune subtypes. Correlation between GSN expression and
different tumor stages, including BLCA (A), THCA (B), SKCM (C), KIRC (D). Correlations between molecular subtypes and GSN expression across TCGA
tumors, including (E) ACC; (F) BRCA; (G) COAD:; (H) GBM; (I) HNSC; () KIRP; (K) LGG; (L) LIHC; (M) LUSC; (N) OV; (O) PCPG; (P) PRAD; (Q) SKCM; (R)
STAD; (S) UCEC. (T) Correlations between immune subtypes and GSN expression across TCGA tumors, including ACC, BLCA, BRCA, COAD, HNSC,
KICH, KIRC, KIRP, LIHC, LUAD, LUSC, QV, PCPG, PRAD, STAD, THCA, UCEC and UVM. C1 (wound healing), C2 (IFN-g dominant), C3 (inflammatory), C4
(lymphocyte deplete), C5 (immunologically quiet), and C6 (TGF-b dominant).
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Survival analysis of GSN across different cancer types in the GEO and TCGA datasets. Kaplan-Meier plots of GSN in eleven datasets including
GSE5287, bladder cancer, OS (A); GSE17536, colorectal cancer, DSS and DFS (B—C); GSE14333, colorectal cancer, DFS (D); GSE8970, LAML, OS (E);
GSE12417, LAML, OS (F); GSE4412, LGG, OS (G); GSE1456, BRCA, OS and RFS (H-1); GSE3494, BRCA, DSS (J); GSE4922, BRCA, DFS (K); GSE4475, DLBC,

OS (L); GSE13213, LUAD, OS (M).

Figure S1A). For DSS, low GSN expression was a negative factor
affecting DSS in patients with CESC, KIRC, SARC, and UCEC,
while it is a preventative variable for BLCA, LGG, and STAD
patients (p < 0.05; Figure 4B and Supplementary Figure S1B).
Similarly, low-expression GSN was a detrimental factor affecting
PES in patients with DLBC, KIRC, and UCEC. In contrast,
reduced GSN expression was a protective factor affecting PFS
in BLCA, LGG, STAD, and UVM patients (p < 0.05; Figure 4C
and Supplementary Figure S1C). The Venn plot shows that GSN
affects three prognoses (OS, DSS, PES) for patients with BLCA,
LGG, and KIRC, revealing that GSN can be a crucial variable in
the outcome of such cancers (Figure 4D).

We introduced ROC curve analysis to investigate the possible
diagnosis of GSN in pan-cancer. Findings showed that GSN had
good diagnostic capabilities (AUC > 0.9), including BLCA
(0.945), BRCA (0.981), CESC (0.925), CHOL (0.966), COAD
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(0.944), DLBC (0.906), ESCA (0.898), LAML (0.917), PAAD
(0.975), READ (0.937), UCEC (0.956) and UCS (0.996)
(Figure 5A). GSN showed some diagnostic potential (AUC >
0.7) in some tumors, including GBM (0.815), KIRC (0.708), LGG
(0.806), LIHC (0.739), LUAD (0.795), LUSC (0.774), OV (0.786),
PRAD (0.808) and THYM (0.863) (Figure 5B). GSN showed the
highest predictive significance for breast cancer patients by
excluding cancers with small sample sizes. Therefore, we
collected serum from 37 breast cancer patients and 31 normal
people to verify the diagnostic potential of serum GSN for BRCA.
Compared to normal people (8.603 + 3.007 pg/mL), the serum
GSN level of breast cancer patients (17.970 + 5.406 pg/mL) was
significantly reduced (p < 0.001; Figure 5C). Next, we used ROC
curve analysis to examine if serum GSN possesses diagnostic
significance of BRCA. The findings revealed that the AUC of
serum GSN was 0.947 (cut-off value: 12.883; sensitivity: 97.3%;
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FIGURE 4

Association between GSN expression and prognosis in cancer patients. (A) Association between GSN expression and OS in cancer patients. (B)
Association between GSN expression and DSS in cancer patients. (C) Association between GSN expression and PFS in cancer patients. (D) The venn
diagram shows the intersection of OS, DS, PFS for different cancers. (*p < 0.05, **p < 0.01, ***p < 0.001).

specificity: 80.0%; Figure 5D). The results were similar to the
above ROC curve analysis data, revealing that serum GSN might
be useful in diagnosing BRCA.

Frontiers in Genetics

205

Overall, GSN had a modest to the robust ability to differentiate
cancer and healthy tissue for most cancers. Serum GSN was validated to
have an excellent ability to diagnose breast cancer patients.
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FIGURE 5

Receiver operating characteristic (ROC) curve of GSN expression in pan-carcinoma and determination of serum GSN in breast cancer patients. (A)
GSN expresses cancers of good diagnostic value (AUC>0.9), including BLCA, BRCA, CESC, CHOL, COAD, DLBC, ESCA, LAML, PAAD, READ, UCEC, UCS.
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content in serum of breast cancer patients. (D) Diagnostic ROC curve of serum GSN for breast cancer. (***p < 0.001).
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FIGURE 6

Nomograms and calibration curves predicting patient OS in 8 cancers. Nomograms of BLCA (A); CESC (B); KIRC (C); LAML (D); LGG (E); SARC (F);
STAD (G); THCA (H). Calibration curves of BLCA (I); CESC (J); KIRC (K); LAML (L); LGG (M); SARC (N); STAD (O); THCA (P). The horizontal and vertical
coordinates are the model predicted and actually observed survival probability, respectively. The closer each line is to the ideal line, the better the model.

3.3 GSN is an independent variable in
prognosis of some malignancies

We performed univariate and multivariate regression analyses
for eight cancer types to investigate the risk factors influencing OS in
cancer patients. Herein, the univariate COX regression analysis
incorporated cancer types with p < 0.1: BLCA, CESC, KIRC,
LAML, LGG, SARC, STAD and THCA. For BLCA, multivariate
analysis showed that the main treatment result (partial response
(PR)/complete response (CR), hazard ratio (HR) = 0.352, p < 0.001)
and GSN expression (high GSN, HR = 1.712, p = 0.043) were
independent factors affecting patient OS (Table S1A). For CESC, T
stage (T3/T4, HR = 10.091, p = 0.002), N stage (N1, HR =2.722,p =
0.043), clinical stage (stage III, HR = 0.119, p = 0.034), and main
treatment result (PR/CR, HR = 0.160, p < 0.001) were independent

predictive variables (Supplementary Table S1B). For KIRC, the main
treatment result (PR/CR, HR = 0.120, p = 0.002) was the only
independent predictive variable (Supplementary Table S1C). For
LAML, age (>60, HR = 2.751, p < 0.001), cytogenetic risk
(intermediate, HR = 2.767, p = 0.005) (poor, HR = 2.893, p =
0.009), and GSN expression (high GSN, HR = 1.928, p = 0.004) were
independent predictive variables (Supplementary Table S1D). For
LGG, WHO grade (G3, HR = 2.871, p < 0.001), main treatment
result (PR/CR, HR = 0.210, p < 0.001), age (>40, HR = 2.939, p <
0.001), and GSN expression (high GSN, HR = 1.793, p = 0.004) were
independent prognostic factors (Supplementary Table S1E). For
SARC, residual tumor (RI, HR = 2.192, p = 0.012) (R2, HR =
10.143, p < 0.001), metastasis (transferred group, HR = 2.738, p <
0.001), and GSN expression (high GSN, HR = 0.350, p < 0.001) were
independent predictive variables (Supplementary Table S1F). For
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STAD, N stage (N3, HR = 2.899, p = 0.043), primary therapy
outcome (PR/CR, HR = 0.295, p < 0.001), age (>65, HR = 1.676,
p =0.019), and GSN expression (high GSN, HR = 1.597, p = 0.033)
were independent predictive variables (Supplementary Table S1G).
For THCA, the pathologic stage (stage ITI/IV, HR = 9.573, p = 0.010)
was the only independent predictive variable (Supplementary
Table S1H).

We used the factors that had p < 0.1 in univariate COX
regression analysis to construct predictive nomograms and
calibrations. The findings revealed that the C-index of nomogram
in BLCA was 0.736 (0.700-0.771, Figure 6A), in CESC, was 0.770
(0.717-0.823) (Figure 6B), in KIRC was 0.722 (0.623-0.821,
Figure 6C), in LAML was 0.724 (0.695-0.753, Figure 6D), in
LGG was 0.807 (0.786-0.828, Figure 6E), in SARC, was 0.755
(0.720-0.790, Figure 6F), in STAD was 0.744 (0.718-0.770,
Figure 6G), in THCA, was 0.806 (0.733-0.879, Figure 6H). We
then calibrated each nomogram to assess the reliability of this model.
Except for THCA, the calibration curves for the remaining seven
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cancer types were close to the ideal line (Figures 6I-P). Therefore,
GSN can be used to predict patient outcomes for these tumors
independently.

3.4 Differences in protein content,
phosphorylation and methylation
modification levels of GSN in pan-cancer

We explored protein expression and phosphorylation levels of
GSN using the UALCAN database. We found lower GSN protein
expression in BRCA, COAD, OV, UCEC, LUAD and HNSC
compared to healthy tissues, as well as higher GSN protein
expression in KIRC, PAAD and LIHC, but no difference in GSN
protein expression in GBM. Further, we utilized the HPA database
to observe immunohistochemical photos to measure protein
expression levels of GSN (Figure 7A). We observed that the
protein expression of GSN in BLCA, BRCA, CESC, COAD, OV
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Epigenetic methylation analysis of GSN. (A) The correlation between the expression of GSN mRNA and m6A methylation regulatory factors in
multiple cancers. Differential promoter methylation level (beta values) of GSN in normal tissues and tumors based on UALCAN, including BLCA (B), BRCA
(C), COAD (D), ESCA (E), HNSC (F), KIRC (G), KIRP (H), LIHC (I), LUSC (J), PRAD (K), READ (L), UCEC (M), CHOL (N), PCPG (O), and TGCT (P).

and UCEC was significantly reduced contrasted with that of the
matching healthy tissue (Supplementary Figure S2). The protein
expression of GSN in LGG, LIHC and PAAD was significantly
higher compared to the matching healthy tissue. Next, we explored
the phosphorylation levels of GSN protein. We observed variations
in GSN protein phosphorylation levels in seven malignancies:
BRCA, GBM, KIRC, LIHC, LUAD, OV, and HNSC (Figures
7B-H). Among them, S35 was the most crucial phosphorylation
modification site, and except for GBM, the phosphorylation level of
S35 in other cancers was decreased compared to that of healthy
tissues (Figures 7C-H). In HNSC, we found that the GSN protein
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had the most phosphorylation modification sites, and the
phosphorylation was reduced compared to that of healthy tissue
(Figure 7H).

We examined the link between GSN mRNA expression and
m6A methylation controllers in several tumors because m6A
methylation plays a significant part in carcinogenesis and
development. In total, 24 essential m6A methylation controllers
were chosen: 10 writers (CBLL1, METTL14, METTL3, RBM15,
RBM15B, TRMT6, TRMT61A, TRMT61B, WTAP, ZC3H13),
3 erasers (FTO, ALKBH3, ALKBH5), and 11 readers
(HNRNPA2BI1, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, RBMX,
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Mutated features of GSN in different tumors. (A) Summary of changes in GSN expression in different tumors. (B) Bar plot of GSN alteration frequency
and types across different cancer types. (C) The landscape of GSN mutation with the location, types, and number and their relationship with protein
domains. (D) Some GSN mutations are shown on the 3D structure of the protein. (E) Correlation between CNV in GSN and prognosis in cancer patients.

YTHDCI1, YTHDC2, YTHDF1, YTHDF2, YTHDEF3). The heatmap
showed that in ACC, KICH, KIRC, KIRP, PAAD, PCPG, THCA, as
well as UVM, GSN expression was positively linked to the
expression of many m6A methylation regulators (Figure 8A).
Moreover, we contrasted promoter methylation contents of GSN
in healthy and tumor tissues. The findings declared that the GSN
promoter was hypermethylated in several malignancies: BLCA,
BRCA, COAD, ESCA, HNSC, KIRC, KIRP, LIHC, LUSC, PRAD,
READ and UCEC (Figures 8B-M). In contrast, the GSN promoter
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was hypomethylated in CHOL, PCPG, and TGCT contrasted with
healthy tissues (Figures 8N-P).

Certain DNA methylations play a massive role in tumor
immunogenicity (Hogg et al., 2020). Subsequently, we employed
the TISDIB database to explore the connection between GSN
methylation patterns and immune cell infiltration. Moreover, the
heat map exhibited that GSN methylation levels were adversely
linked to the infiltration degree of most immunity cells in ACC,
BLCA, BRCA, COAD, GBM, KIRP, LGG, LIHC, PCPG, and PRAD,
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while were positively linked to the infiltration degree of most
immune cells in CESC, ESCA, HNSC, LUAD, LUSC, and SARC
(Supplementary Figure S3A). We utilized the GSCA database to
examine the association between GSN methylation patterns and
GSN mRNA expression and their influence on the outcome of
cancer patients. Accordingly, GSN methylation levels were adversely
related to GSN mRNA expression in most cancers except for CHOL
and DLBC (Supplementary Figure S3B).
hypomethylation level of GSN was an adverse variable
of LGG and BLCA patients

Moreover, the
influencing the outcome
(Supplementary Figure S3C).

In conclusion, the GSN protein exhibited low phosphorylation
levels, and the GSN promoter exhibited hypermethylation and
affected immune cell invasion and patient outcomes in most
cancers.

3.5 Genetic changes characteristics of GSN

Cancer is driven by many genetic changes, some of which are
potential molecular therapeutic targets (Ben-David and Amon,
2020). Novel therapeutics targeting highly mutated transcription
factor TP53 gene products have performed well in pan-
carcinoma (Stephenson Clarke et al., 2022). Therefore, we
explored its genetic alterations to investigate whether GSN can
be used as a target for molecular therapy. We found that 139 of
the 10,443 samples (1.3%) developed GSN mutations, and
in GSN
(Figure 9A). Among all mutations, 45.36% of mutations

missense mutations were the most common
belonged to missense substitution, and 19.20% of mutations
belonged to synonymous substitution (Supplementary Figure
S4B). Additionally, the most dominant SNV categories were
G > A (35.53%), followed by C > T (30.92%) (Supplementary
Figure S4C). The five cancer types that had the greatest mutation
frequency were: UCEC (4.64%), STAD (3.21%), KICH (3.08%),
SKCM (2.27%), and ACC (2.20%, Figure 9B). D77N in the
gelsolin-like 1 domain was the greatest site with mutations,
which occurred in two patients with UCEC and one with
SKCM (Figure 9C). We exhibited it in the 3D structure of
GSN protein (Figure 9D). GSN changes were significantly
linked to higher OS (p = 0.0340) and PFS (p = 0.0107) in
UCEC patients (Supplementary Figures S4E-F).

Subsequently, we utilized the GSCA database to study the
association between GSN mutation and GSN mRNA expression
and GSN mutation and outcome of cancer patients. CNV
mutations in GSN were adverse factors affecting the outcome
of ACC, KIRC, KIRP, MESO and UCEC patients (Figure 9E).
CNV pie chart results showed that heterozygous amplification
and heterozygous deletion occurred in most cancers. In contrast,
rare homozygous amplification occurred mainly in ACC, PRAD
and SARC, and rare homozygous deletion occurred mainly in
BLCA, READ and THCA (Supplementary Figure S4A). We
identified a positive association between GSN mutations and
GSN mRNA expression in LUSC, BLCA, HNSC, OV, ESCA,
UCEC, KICH, SKCM, BRCA, LUAD, SARC and PAAD
(Supplementary Figure S4D). Genetic alterations in GSN
occurred in most cancers and were linked to the outcome of
cancer patients.
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3.6 GSN is related to immune invasion and
immune response in pan-cancer

TMB and MSI can respond to the state of immunotherapy as
predictive biomarkers of tumor treatment (Filipovic et al., 2020).
The radar chart revealed that GSN expression was adversely linked
to TMB in 11 cancer types: BRCA, CESC, HNSC, LIHC, LUAD,
LUSC, MESO, PRAD, STAD, THCA, and UVM, but only positively
associated with TMB of THYM (Figure 10A). Moreover, GSN
expression was positively linked to MSI in BLCA, COAD, GBM,
LUSC, and SKCM. In contrast, GSN expression was adversely
connected to MSI in CESC, PCPG, and STAD (Figure 10B). We
measured the connection between stromal and immunological
scores and GSN expression in pan-carcinoma. We found that
GSN  expression was positively linked to StromalScore,
ImmuneScore, and ESTIMATEScore in BLCA, BRCA, CHOL,
COAD, ESAD, GBM, KIRP, LAML, LGG, LIHC, LUAD, OV,
PAAD, PCPG, PRAD, READ, STAD, TGCT, THCA, UCEC,
UCS and UVM. In contrast, GSN expression was positively
related to StromalScore and ESTIMATEScore in DLBC, ESCA,
HNSC, KIRC, MESO, and THYM (Figure 10C).

We studied the connection between GSN and immune
checkpoints. GSN expression was positively linked to the
expression of many immune checkpoints in BLCA, BRCA,
COAD, GBM, KIRP, LGG, LIHC, OV, PAAD, READ, and UVM
(Figure 10D). Subsequently, we evaluated the connection between
GSN expression and immune-related gene expression, including
43 immune activation-related genes, 22 immunosuppression-related
genes, 21 MHC-related genes, 41 chemokines, and 18 chemokine
receptors. GSN expression was positively associated with many
immune-related genes in BLCA, BRCA, COAD, KIRP, LGG,
LIHC, OV, PAAD, PCPG, PRAD, READ, TGCT, THCA,
THYM, and UCM S5A-E). In
conclusion, in most cancers, GSN expression was significantly

(Supplementary  Figures

associated with the immune score, immune checkpoints, and
immune-related genes.

TIICs
microenvironment (TME) and were closely related to the

were a crucial component of the tumor
aggressiveness of cancer. We employed the ssGSEA method to
evaluate the association between GSN expression and the
24 immune cells infiltration level. The heat map findings
indicated that GSN expression was positively linked to the
invasion degree of most immune cells in most cancers like
BLCA, BRCA, COAD, KIRP, LIHC, LUAD, PRAD, READ,
THCA, and the degree of invasion of some of these immune cells
was significantly linked to GSN expression, such as DC cells,
immature DC cells (iDC), macrophages, mast cells, neutrophils,
eosinophils, NK cells, T effector memory cells (Tem), T follicular
helper cells (TFH, Figure 11A). Furthermore, we examined the link
between GSN expression levels and various tumor immunological
cell infiltration utilizing EPIC, MCP-COUNTER, CIBERSORT, and
TIDE algorithms through the Timer2.0 database. In many cancers,
GSN expression was positively linked to the CAFs infiltration level,
with GSN expression significantly linked to the degree of CAFs
infiltration in BLCA (r = 0.486), BRCA (r = 0.463), COAD (r =
0.467), DLBC (r = 0.542), PCPG (r = 0.551), PRAD (r = 0.815),
STAD (r =0.586), TGCT (r = 0.517), THCA (r = 0.520), and THYM
(r = 0.742) (Figure 11B). In many cancers, GSN expression was
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FIGURE 10

GSN expression is associated with TMB, MSI, TME, and immune checkpoints in 33 cancer types. Relationship between GSN expression and TMB (A),
MSI (B) in 33 cancers. (C) Relationship between GSN expression and StromalScore, ImmuneScore, and ESTIMATEScore in 33 cancers. (D) Relationship

between GSN expression and immune checkpoint expression in 33 cancers.

significantly linked to mDCs invasion (Supplementary Figure S6A).
We also found that in THYM, GSN expression was adversely linked
to the infiltration level of CD8+ T cells, CD4+ T cells, Tregs, and
mDCs, and positively related to the infiltration level of neutrophils,
monocytes, macrophages, and NK cells (Supplementary Figure
S6A). We studied the association between GSN expression and
biomarkers of CAFs and mDCs. The findings declared that GSN
expression was positively linked to the biomarker expression of
CAFs in nearly all malignancy forms (Supplementary Figure S6B).
GSN expression was positively linked to the expression of all
biomarkers of mDCs in BLCA, BRCA-LumA, LIHC, PRAD,
STAD, and TGCT (Supplementary Figure S6C). In most cancers,
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GSN expression was positively connected to the invasion degree of
multiple immunological cells, particularly CAFs and mDCs.

3.7 Functional enrichment analysis of GSN

To fully comprehend the possible molecular pathways of GSN in
tumor initiation and establishment, we explored the enrichment
analysis of GSN co-expressed genes. We used the GEPIA2 database
to obtain the first 100 GSN co-expressed genes (Supplementary
Table S2). The 50 GSN-binding proteins acquired from the STRING
database were utilized to build a PPI network (Figure 12A). The
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Associations between immune cell infiltration levels and GSN expression in pan-cancer. (A) The correlation of GSN expression and immune
infiltration using the ssGSEA algorithm. (B) GSN expression correlation analysis with immune infiltration of CAF cells based on Timer2.0 database, scatter
plots including BLCA, BRCA, COAD, DLBC, PCPG, PRAD, STAD, TGCT, THCA, and THYM.

Frontiers in Genetics 213 frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1093163

Wang et al.

10.3389/fgene.2023.1093163

A CASP3
e ACTG1
e
\ i
PLCGI PXI f \\
S \ PN12
ActAr e LEKHGE > W // \ \
DM2
N KD i \ PRPF8
— | TMOD2 veU B
S 19p1. FNL / X
TMODY - AL 1 UBE202 GEPIAZ PPI
N S2LL_ % ' =
o IK3CA ]
LEKHAT 59 WAS!
o il LT A
ACTNG: e ACTR1B
X A FHI ESRI -
RBM18’ N f : 8
S AC: N 'CCNI /
1
ANLE MAPT| Y
7 PG
HMPA > Y J A
BXO34 MYOB. 3 Y
~
app~ X~ /
BN » ﬂ ACTB
KIF EX o 7 CFLAR
: J
PPIR1E, OTRL
FBXO40 ; (RRC39 \
S ACTR2
1T
CXCR2
C o p.adjust G Counts
extracellular structure organization . e CCHD2  LAMB2
regulation of actin filament-based process . 0.03 PD@FRB IT@A7 . 8
, ) ) & 002 @® o
regulation of angiogenesis - . e 0.01
12
tissue migration . LAMIA4 .
regulation of cellular response to growth factor stimulus . Céum: . 14
RAPSEF3
[ORL N
D cell-substrate junction . O 15 PI3K-Akt S'Q‘"g pathway
focal adhesion - . O 20
i veL
cell leading edge . 8 AD®Y4
cell cortex PIK3CA
contractile fiber Leukocyte trans: thelial migration,
L J @ & priz #FN1
ACTN4
E ubiquitin-like protein ligase binding . CHMP4B
. I M2 CXCR2
cytokine receptor binding [ ] PLC - 4 = ¥ L%
|Chemokine sighaling pathway|
protein kinase C binding 4@ % N
tumor necrosis factor receptor superfamily binding @ e EHD®
transforming growth factor beta binding @ ]
Aoeet Proteogly. in cancer End.05|s
SRC
F Proteoglycans in cancer . WASL
PI3K-Akt signaling pathway - ~ Y
Endocytosis ) o RRYS
® conta ACBR2
Leukocyte transendothelial migration - cAsp3
Chemokine signaling pathway - . DgN
HSRIB2  EdRrq TGRBR2

T T T T
0.05 0.10 0.15 020 0.25
GeneRatio

FIGURE 12

GSN-related genes, interacting proteins and functional enrichment analysis. (A) PPl Network for GSN. (B) The intersection of GSN-binding and
interacting genes after selection by Venn diagram analysis. GO analyses, including biological process (C), cellular component (D), molecular function (E),

and KEGG pathway (F). (G) Visual network of KEGG analyses.

venn plot shows no genes in common (Figure 12B). Subsequently,
the first 100 GSN co-expressed genes and 50 GSN-binding proteins
were involved in the functional enrichment analysis. Eventually,
357 GO categories were noticed, including 337 biological processes
(BP), 55 cellular components (CC), and 44 molecular functions
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(MEF), aside from 49 KEGG pathways (Supplementary Table S3). We
presented the top five cancer-related items in each GO entry. The
results showed that BP was mainly involved in the extracellular
structure organization, actin filament-based process regulation,
angiogenesis, tissue migration, and cellular response to growth
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FIGURE 13

GSEA functional enrichment analysis of GSN in 8 cancers. In BLCA (A), LGG (B), LUAD (C), and STAD (D), the first 15 reaction pathways were positively

correlated with GSN expression. In CESC (E), KIRC (F), SARC (G), UCEC (H), BLCA (I), LGG (J), LUAD (K), and STAD (L), the first 15 reaction pathways
negatively correlated with GSN expression.

factor stimulus (Figure 12C). The CC was mainly enriched in the  transendothelial migration, and chemokine signaling pathway
(Figure 12F). We visualized the KEGG pathway and found that

the Chemokine signaling pathway had the most overlapping genes,

focal adhesion, cell-substrate junction, cell leading edge, cell cortex,
and contractile fiber (Figure 12D). The MF contained ubiquitin-like
protein ligase binding, cytokine receptor binding, protein kinase C
binding, tumor necrosis factor receptor superfamily binding, and
transforming growth factor beta binding (Figure 12E). KEGG
pathway analysis found that proteoglycans may mediate GSN in
cancer, PI3K-Akt signaling pathway, endocytosis, leukocyte

suggesting that the Chemokine signaling pathway may be a critical
GSN-mediated pathway (Figure 12G).

To identify the possible mechanisms for GSN involvement in
pan-cancer, we subsequently performed GSEA analysis according to
the reactome pathway database. Our analysis included eight cancer

Frontiers in Genetics frontiersin.org

215


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1093163

Wang et al.

types: BLCA, LGG, LUAD, and STAD, whose outcome was
positively linked to GSN expression, and CESC, KIRC, SARC,
and UCEC, prognosis was negatively correlated with GSN
expression. Our GSEA results showed that among cancer types
with a favorable outcome associated with GSN expression, genes
positively related to GSN expression were mainly enriched in the
immune-associated reactome pathway (Figures 13A-H). Similarly,
in cancer types with a prognosis negatively associated with GSN
expression, genes adversely linked to GSN expression were also
mainly enriched in the immune-related reactome pathway. The
enriched  pathways included

mainly immunomodulatory

interactions  between lymphocytes and non-lymphocytes,
activation of complement signaling pathways, antigen activation
of B cell receptors BCR resulting in the production of second
messengers, and Cd22-mediated BCR regulation. Furthermore,
the enriched pathways suggested that GSN mediated the
activation of FCGR pathway and FCERI pathway, mediated
downstream IL-10 synthesis, Ca2 mobilization, MAPK activation
and other biological functions (Figures 13A-H). Moreover, we
found in BLCA, LGG, LUAD and STAD that genes negatively
associated with GSN expression are mainly enriched in DNA
methylation, protein post-translational modification, mediating
cell cycle and other functions, including histone deacetylation
and methylation, cell cycle checkpoints, G2M checkpoints and
other reactome pathways (Figures 13I-L).

In conclusion, we inferred that GSN played an essential role in
cancer primarily by influencing immune-related pathways and

regulating biological functions such as DNA methylation.

4 Discussion

This research mainly investigated the influence of GSN on
carcinogenesis and progression and its molecular mechanism,
including cancer cell proliferation, metastasis, and the means of
GSN-mediated EMT. We are the first to examine the involvement of
GSN in pan-cancer. The findings revealed that GSN expression
varied across 33 malignancies, and GSN expression was significantly
elevated in 11 cancer forms and reduced significantly in 17 cancer
forms. Notably, we found more pronounced differences in GSN in
the early stages of BLCA and KIRC, suggesting that GSN may have
the potential to be an early diagnostic marker in both tumor types. In
most cancers, we found differences in GSN expression in various
subtypes. It should be noted that GSN tends to be highest expressed
in the C3 immune subtype and lowest expressed in the C4 immune
subtype. Accordingly, the C3 immune subtype has the best survival
outcome, whereas the C4 immune subtype has the worst survival
outcome, which is consistent with previous studies (Thorsson et al.,
2018).

Next, our study determined the predictive value of GSN in pan-
cancer and discovered that GSN also possessed various predictive
significances in various cancer forms. Notably, GSN was highly
expressed in LAML and LGG, while patients who showed elevated
GSN expression showed worse outcomes. GSN was low in BRCA,
LUAD, CESC, and UCEC, while patients with low GSN expression
had a poor prognosis. Upregulated UHRF1 silences GSN to suppress
the death of early cervical cancer cells in CESC (Lee et al., 2020).
Breast cancer is the first cancer afflicting women worldwide and has
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replaced lung cancer as the most common cancer worldwide (Sung
et al, 2021). TGF-P1 upregulation can increase GSN expression,
inhibit cancer cell growth and progression, as well as promote cancer
cell migration (Chen et al,, 2015). In OV, it has been reported that
the OS and PFS of GSN-positive patients were significantly lower
than GSN-negative patients, which may be because high GSN
expression conferred chemical resistance to cancer cells by
GSN-FLICE-like (FLIP)-Itch
interaction. Pgsn can be released and transmitted through

altering inhibitory  protein
exosomes (Ex-pGSN), Autocrine upregulation of HIFla-mediated
chemical resistance (Abedini et al., 2014; Asare-Werehene et al,,
2020). However, we unobserved such results in OV, and we
speculated that this was due to the large number of advanced
cancer samples included in the above studies and the insufficient
sample size. Wu et al. (2022) declared that GSN expression was
dropped in STAD, reduced GSN expression was linked to reduced
survival in patients with STAD, and GSN expression was
significantly related to STAD tumor purity and degree of DC cell
invasion. However, we discovered that GSN high expression was a
negative variable affecting the outcome of STAD patients. Therefore,
the difference in selected data and the threshold difference in split
patients might cause a difference in results. So far, the researchers
have unpassed the experimental report, and more data and
functional trials are still needed to verify in the future. We
observed GSN expression to be an independent predictive
variable for BLCA, LAML, LGG, STAD, and SARC, which
greatly enriched traditional predictive models, but no related
studies have been reported. In CESC, GSN was used as a
characteristic gene to construct an effective tool for predicting
OS (Li et al, 2022). Finally, GSN is a promising marker for
future cancer management.

Next, we examined the diagnostic significance of GSN in pan-
cancer. We found that GSN had the best diagnostic efficacy in
BRCA, which was validated using serum from breast cancer patients
(AUC = 0.947). Serum GSN (AUC = 0.932) levels are superior to
common tumor biomarkers, carcinoembryonic antigen (CEA), or
carbohydrate antigen 19-9 (CA199) for colon cancer (Chen et al.,
2019b). Randall et al. (Brock et al., 2012) reported that for the
training set containing 321 COAD samples, 6 serum proteins
containing GSN achieved a diagnostic value of AUC = 0.9003 for
COAD and AUC = 0.8989 in the validation set containing
Further,
diagnostic efficacy AUC of serum GSN alone was stabilized at

110 samples. in esophageal adenocarcinoma, the
around 0.7 (Shah et al, 2018). The diagnostic value of serum
GSN protein alone for pancreatic cancer in diabetic patients was
also good (AUC = 0.75) (Peng et al., 2020). In conclusion, GSN may
have good predictive potential in many cancer types. However, few
relevant studies exist, and more extensive investigations are further
required in the future to explore the feasibility of GSN as a diagnostic
marker.

Epigenetic modifications play a vital role in tumors through
various mechanisms (Sun et al., 2022). VEERLE et al. (De Corte
et al., 1999) identified Tyr438 as the most prominent site of GSN
phosphorylation by mass spectrometry. We found that S35 was
the most common phosphorylation modification site of GSN in
most cancers, but whether it is a functional site needs further
research. m6A methylation was strongly linked to cancer cell
growth, metastasis, immune response and other processes and
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affected the sensitivity and resistance of anti-cancer treatment
drugs (Lan et al., 2021). Therefore, we indirectly explored the
level of GSN methylation modification in pan-carcinoma and its
role. In most malignancies, GSN expression is positively
correlated with m6A methylation-related gene expression,
therefore, we hypothesize that GSN has lower levels of m6A
methylation, and the GSN promoter was hypermethylated. In
addition, in most cancers, the level of DNA methylation of GSN is
negatively correlated with the invasion of immune cells in TME.
There are literature reports on raised GSN expression patterns in
CESC cells subjected to DNA-hypomethylating agent 5-aza-2'-
deoxycytidine (Lee et al., 2020). Tumor-associated macrophages
(TAMs) were co-cultured with gastric cancer cells, and DNA
methyltransferase 1 (DNMT1) expression increased; however,
GSN expression decreased in gastric cancer cells (Wang et al,,
2017). In breast cancer, GSN downregulation was triggered via
hypermethylation of essential DNA methylation sites. A risk
score model with excellent prognosis reliability was developed
using three methylation probes based on CAV2 and GSN genes
(Caoetal., 2022). In conclusion, epigenetic modifications of GSN
played an essential role in pan-cancer, but more functional
experimental verification mechanisms are needed in the future.

Missense mutations are the most frequent among GSN
mutations, the most occurring GSN mutations in UCEC, and
D77N in the gelsolin-like 1 domain is the site with the most
frequent mutations. In some cancers, the CNV status of GSN was
positively correlated with GSN expression and was an adverse
factor affecting patient outcomes. We are the first to reveal the
significance of GSN mutations in pan-cancer, but more research
is required to identify the pathway.

With the advent of immunotherapy, cytokine and immune
checkpoint inhibitor (ICI) therapies have gradually proven as
medications for several malignancies (Havel et al., 2019). TMB
and MSI are predictors of the anti-tumor efficacy of ICIs (Xu
etal., 2020). Higher TMB and MSI mean a better response to ICI
and a better prognosis for cancer patients (Chen et al., 2019a;
Samstein et al., 2019). Our study observed that GSN expression
was adversely linked to TMB in LIHC, while GSN was highly
expressed in LIHC. GSN expression was positively related to
MSI in BLCA, COAD, LUSC, as well as SKCM, whereas GSN
was low expressed in these cancers. Therefore, we speculated
that GSN is responsible for the low TMB and MSI in the above
cancers, predicting that GSN may play a role in
immunotherapy. Moreover, in BLCA, BRCA, COAD, GBM,
KIRP, LGG, LIHC, OV, PAAD, READ, and UVM, GSN
expression was positively linked to immunological scores,
most immune checkpoints, and expression of immune-related
genes. According to our results, GSN could regulate cancer
immunity, and targeting GSN might become a new strategy for
tumor immunotherapy.

No correlation analysis has involved GSN and the TME. We
observed that GSN expression was positively correlated with the
infiltration level of most immunity cells, like DC cells,
macrophages, NK cells, Tem, TFH and other immune cells
involved in anti-tumor immune effects, and CAF involved in
tumor immune evasion or suppression. GSN was low expressed
in most cancers, so we speculated that GSN is mainly involved in
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immune effects in the TME through anti-tumor immune
invasion rather than immune escape or immunosuppression.
These immune cells can participate in tumor immunity
through various mechanisms, including secreting multiple
cytokines and chemokines and antigen presentation, mediating
the enrollment and functional development of innate and
adaptive immunity cells (Ghesquiere et al., 2014; Monteran
and Erez, 2019; Shimasaki et al., 2020). Our KEGG analysis
showed that GSN might mediate proteoglycans in cancer,
PI3K-Akt
transendothelial migration, and chemokine signaling pathway.

signaling  pathway, endocytosis, leukocyte
The chemokine signaling pathway was identified as the most
critical pathway mediated by GSN. In addition to regulating
inflammatory responses, promoting cancer cell metastasis, and
regulating apoptosis, glycosylation changes may also regulate
inflammatory reactions (Reily et al., 2019).

Similarly, our GSEA analysis showed that in cancer types
where GSN expression was negatively associated with prognosis,
GSN was positively correlated with immune function. Among
the cancer types whose expression was positively associated with
prognosis, GSN was negatively correlated with immune
function. Although GSN had different effects on the outcome
of patients with several malignancies, they all showed the same
immune trend; GSN negatively regulated the prognosis of cancer
patients by mediating the immune effect in pan-cancer. In
cancer forms in which GSN expression was
GSN  was

correlated with processes such as DNA methylation and cell

adversely

associated with patient outcomes, negatively
cycle, reconfirming our previous discussion about the effects of
GSN methylation and GSN expression on cell proliferation,

invasion, and migration.

5 Conclusion

We conducted the first pan-cancer study of GSN, including
expression, prognostic and diagnostic, epigenetics, methylation,
immunoassay, and enrichment analyses, indicating that GSN was
a potential therapeutic biomarker for malignancy. However, this
research has certain restrictions, like a small sample size and lack
of experimental validation. In the future, the research sample
should be expanded to study the detailed carcinogenic
mechanism of GSN in pan-carcinoma through in vitro and in
vivo experiments.
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Background: A hallmark signature of the tumor microenvironment in head and
neck squamous cell carcinoma (HNSCC) is abundantly infiltration of cancer-
associated fibroblasts (CAFs), which facilitate HNSCC progression. However,
some clinical trials showed targeted CAFs ended in failure, even accelerated
cancer progression. Therefore, comprehensive exploration of CAFs should
solve the shortcoming and facilitate the CAFs targeted therapies for HNSCC.

Methods: In this study, we identified two CAFs gene expression patterns and
performed the single-sample gene set enrichment analysis (ssGSEA) to quantify
the expression and construct score system. We used multi-methods to reveal the
potential mechanisms of CAFs carcinogenesis progression. Finally, we integrated
10 machine learning algorithms and 107 algorithm combinations to construct
most accurate and stable risk model. The machine learning algorithms contained
random survival forest (RSF), elastic network (Enet), Lasso, Ridge, stepwise Cox,
CoxBoost, partial least squares regression for Cox (plsRcox), supervised principal
components (SuperPC), generalised boosted regression modelling (GBM), and
survival support vector machine (survival-SVM).

Results: There are two clusters present with distinct CAFs genes pattern.
Compared to the low CafS group, the high CafS group was associated with
significant immunosuppression, poor prognosis, and increased prospect of
HPV negative. Patients with high CafS also underwent the abundant
enrichment of carcinogenic signaling pathways such as angiogenesis, epithelial
mesenchymal transition, and coagulation. The MDK and NAMPT ligand-receptor
cellular crosstalk between the cancer associated fibroblasts and other cell clusters
may mechanistically cause immune escape. Moreover, the random survival forest
prognostic model that was developed from 107 machine learning algorithm
combinations could most accurately classify HNSCC patients.

Conclusion: We revealed that CAFs would cause the activation of some
carcinogenesis pathways such as angiogenesis, epithelial mesenchymal
transition, and coagulation and revealed unique possibilities to target glycolysis
pathways to enhance CAFs targeted therapy. We developed an unprecedentedly
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stable and powerful risk score for assessing the prognosis. Our study contributes to
the understanding of the CAFs microenvironment complexity in patients with head
and neck squamous cell carcinoma and serves as a basis for future in-depth CAFs

gene clinical exploration.

KEYWORDS

HNSCC, cancer-associated fibroblasts (CAFs), machine learning, the tumor
microenvironment, prognosis

Introduction

Head and Neck Squamous Cell Carcinoma (HNSCC) is an
aggressive tumor associated with poor prognosis. There are more
than 600,000 new cases are diagnosed worldwide each year (Bray
et al, 2018). A hallmark signature of the tumor microenvironment
(TME) in HNSCC is abundantly infiltration of cancer-associated
fibroblasts (CAFs), which facilitate HNSCC progression (Custddio
et al, 2020). CAFs could secrete exosomes which assist cell to-cell
communication with TME thereby remodeling extracellular matrix
(ECM) (Custodio et al., 2020). Biologically, the characteristics of cell
stromal appears to be no difference between HNSCC patients, suggesting
there is likely to exist a common weakness in stromal compartment
which could be potential CAFs treatment targets (Puram et al., 2017).

Previous studies revealed an immunosuppressive role of CAFs,
which could strongly induce the dysfunction of T cells and
macrophages (Thomas and Massagué, 2005; Tauriello et al, 2018).
The reason is attributable to CAFs secrete ECM components hence
developing a dense fibrotic barrier in the tumor (Drifka et al., 2016).
Benefit from bulk and single-cell RNA sequencing, A lots of new CAFs
biomarkers have been figured out. Targeted therapy for CAFs also has
made a breakthrough in hepatocellular carcinoma (Yin et al, 2019).
However, some targeted CAFs clinical trials ended in failure, even
accelerated cancers progression (Catenacci et al., 2015; Van Cutsem
et al., 2020). Therefore, more comprehensive exploration of CAFs should
solve the shortcoming and facilitate the targeted therapies in HNSCC.

Here, we collect 868 HNSCC samples from multi-dimensional
common datasets, using clustering and machine learning method to
detect the correlation between CAFs biological functions and clinical
characteristics in HNSCC. We hope to find some specific molecular
mechanisms to understand tumor progression and improve clinical
management in head and neck squamous cell carcinoma.

Methods
HNSCC dataset source and processing

We summarized 31 CAFs genes from Kiirten, C. H. L. et al.
(Karten et al, 2021) single-cell RNA sequencing research and
Chakravarthy, A.et al. (Chakravarthy et al, 2018) bulk-RNA
sequencing research. Total 868 samples from The Cancer
Genome Atlas HNSCC (TCGA-HNSC) cohort and Gene
Expression Omnibus cohort (GSE65858, GSE41613) were
involved in our study. We constructed a Combined cohort by
filtering common genes from GSE41613, GSE65858, and TCGA
cohorts. We used “combat” R software package to remove the batch
effects. The results were validated using internal and external cohort.

Frontiers in Genetics

Construction of molecular types and score
system based on the CAFs genes

We used R package “ClassDiscovery” to distinguish CAFs genes’
expression pattern in the Combined cohort. The single-sample gene
set enrichment analysis (ssGSEA) method was used to construct
CAFs related score system CafS.

Estimation of immune infiltration

We used ssGSEA method and CIBERSORT algorithm (Newman
et al,, 2015) to evaluated absolute abundance of multiple immune
cell populations. R package “ESTIMATE” was performed to
calculated stromal score.

Single-cell analysis

We downloaded GSE164690 single cell cohort from Gene
Expression Omnibus database. R package “Seurat” (Butler et al,
2018) was used to analysis single cell database. We filtered
mitochondrial genes with parameter <10%. We selected highly
variable genes with parameter nfeatures = 2000. These variable
genes were used as inputs for PCA. Dims = 1:15 was used to
FindNeighbors and resolution = 0.5 were used for FindClusters.
We identified 18 primary clusters, and cluster analysis were
performed by the RunUMAP function. We found differentially
expressed genes (DEGs) for each cluster with parameters
min.pct = 0.25 & thresh.use = 0.25. We compared DEGs and
annotated CAFs (FAP, MMP11, PDGFRA, PDGFRB, ADAMTS2,
SEPR2); Endothelial cell (PLVAP, KDR, PTPRB) in clusters. “Single
R” package was used to annotate remaining clusters. MuSic
deconvolution method (Wang et al.,, 2019) was used to calculate
the proportion of CAFs. The CellChat method (Jin et al., 2021) was
used to analysis cellular communication.

Construction and verification of the
prognostic model

LASSO algorithm was first used to filter the candidate
prognostic CAFs genes. We then integrated 10 machine learning
algorithms and 107 algorithm combinations to construct most
accurate and stable risk model. The machine learning algorithms
contained random survival forest (RSF), elastic network (Enet),
Lasso, Ridge, stepwise Cox, CoxBoost, partial least squares
regression for Cox (plsRcox), supervised principal components
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Workflow. The workflow of HNSCC cancer-associated fibroblasts signature analysis.

(SuperPC), generalised boosted regression modelling (GBM), and
survival support vector machine (survival-SVM). All models were
detected in four datasets (GSE41613, GSE65858, TCGA-HNSC, and
Combined cohort). We calculated the concordance index (C-index)
across all datasets, and the model with the highest average C-index
was considered optimal. We used the optimal average C-index
model machine learning algorithm to validate the robustness of
prognostic model in the external cohort GSE42743.

Cell lines and quantitative real-time PCR
assay

HNSCC cell lines CAL-27, FaDu and normal nasopharyngeal
epithelial cell line (NP69) were obtained from National Collection of
Authenticated Cell Cultures. For reverse transcription, 2 ug of total
RNA was used to synthesize cDNA with a cDNA Synthesis Kit. -
actin was used as an internal control. The PGAM1 forward sequence
of primer was 5-AAACGCAGGACAGTCTGATGC-3, and reverse
sequence of primer was 5-CCGTCTGCAGCTACAACTCA-3. The
ENOI forward sequence of primer was 5-CGAGACCCAGTGGCT
AGAAGTT-3, and reverse sequence of primer was 5-AAGTGCCAC
CCAGAGAGGAC-3. The B-actin forward sequence of primer was
5-CATTAAGGAGAAGCTGTGCT-3, and reverse sequence of
primer was 5-GTTGAAGGTAGTTTCGTGGA-3.

Statistical analysis

All statistical analysis and bioinformatics methods used R
(V4.1.2, https://www.r-project.org/) or GraphPad Prism 9.
4 software. The correlation analysis was conducted using
Pearson method. The Wilcoxon test were performed to
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compare continuous variables and ordered categorical

variables.

Data and code availability statements

All datasets used in this study are available in public database.
The codes supporting the conclusions of this article could provide by
reasonable request to corresponding author.

Result

Workflow of this study

The study of HNSCC cancer-associated fibroblasts signature
analysis is listed in Figure 1 workflow.

Enrichment analysis in 31 CAFs genes

We collected 31 CAFs genes from Kiirten, C. H. L. et al. (Kiirten
etal,, 2021) single-cell RNA sequencing research and Chakravarthy,
A.et al. (Chakravarthy et al., 2018) RNA sequencing research. They
are GAPDH, ENOI1, ITGA6, PGK1, TGFBI, ACTNI1, FTHI,
KDELR2, CD82, SSR3, A2M, PHLDA1, TSC22D1, ISGI15,
PRSS23, PGAMI1, SFRP2, PDGFRB, CEBPB, TNFRSFI2A,
MMP9, SNA12, ADAMTS2, MMPI11, MMP12, COL4As,
STEAP1, ITGAX, ADAMTS14, TLL1] and COL4A4. Some of
them have long been recognized as CAFs biomarker. For
example, CAFs marker matrix metalloproteinase 11 (MMP11)
can be delivered into gastric cancer cells to promote migration
(Xuetal., 2019). In addition, CAFs could express MMP9 to enhance
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Enrichment analysis in 31 CAFs genes (A) MF function analysis for 31 CAFs genes. (B) BP function analysis for 31 CAFs genes. (C) CC function analysis

for 31 CAFs genes. (D) KEGG pathway analysis for 31 CAFs genes.

proangiogenic phenotype thereby facilitating cancer cell invasion
ability in HNSCC (Li et al,, 2022). We used “clusterProfiler” R
package (Yu et al, 2012) to plot enrichment landscape(Figures
2A-D). Gene Ontology (GO) analysis revealed 31 CAFs genes
were mainly enriched in functions such as endopeptidase activity,
extracellular matrix organization and collagen-containing
extracellular matrix. Kyoto Encyclopedia of Genes and Genomes
(KEGG) analysis revealed 31 CAFs genes functions were mainly
involved in pathway of focal adhesion. These enrichment function
results indicated CAFs genes could play a cellular barrier role in

medicine effects by regulating extracellular matrix (Lin et al., 2022).

Clustering analysis identified two CAFs
patterns

We collected a total of 868 head and neck squamous cell
carcinoma samples from TCGA and GEO cohorts to conjoint
analysis, the tabular format of clinical sample information
covered by this study, which are presented in Supplementary
Figures STA-C. We used “combat” software package to avoid the
batch effects, the gene expression profile of each cohort is
dispersive (Figure 3A), after elimination of the batch effects,
the profile was agminated (Figure 3B). We identified two
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different CAFs patterns using R package “ClassDiscovery”
and labeled as Cl1 and C2. We plotted a heat map which
showed 31 CAFs genes was differential expression in Clust-
C1 and Clust-C2 (Figure 3C). Then, after removing unreliable
and incomplete clinical data, we analyzed survival prognosis
between these two subtypes. The Cl1 cluster presented
particularly survival disadvantage, conversely, the C2 cluster
showed exceedingly survival benefit (log-rank, p = 0.018;
Figure 3D). Similarly, this modification pattern also was
observed in the external cohort of GSE42743, clustering
analysis identified CAFs related subtypes
reminiscent of those observed in the previous combined
cohort (Figure 3E). Clust_C1 also exhibits shorter survival
than Clust_C2 (log rank p = 0.034, Figure 3F). These results
suggested there might exist two CAFs related subtypes which
could classify HNSCC patients’ survival time.

two similar

Construct a score system CafS to evaluate
31 CAFs genes expression and classify
HNSCC clinical characteristics

To further explored 31 CAFs genes expression functions in
head and neck squamous cell carcinoma, we used the single-
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the external cohort GSE42743 (log rank p = 0.034).

Clustering analysis identified two CAFs patterns. (A) Principal component analysis (PCA) showed the gene expression profile in the combined cohort,
before elimination of the batch effects. (B) Principal component analysis (PCA) showed the gene expression profile in the combined cohort after
elimination of the batch effects. (C) The heatmap displays the differential expression between the two groups of the 31 cancer associated fibroblasts
(CAFs) genes, C1 cluster, C2 cluster, “1" means dead, "0” means alive, “fustat” means survival status. (D) The Kaplan-Meier plot displays significant
differences survival rate among the two kinds of CAFs phenotypes in the Combined cohorts. C1 was worse than C2 (log rank p = 0.018), unit of Time
(years). (E) The heatmap displays the differential expression between the two groups of the 31 cancer associated fibroblasts (CAFs) genes in the external
cohort GSE42743. (F) The Kaplan-Meier plot displays the same trend of significant differences survival rate among the two kinds of CAFs phenotypes in
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FIGURE 4

Construct a score system named CafS to evaluate 31 CAFs genes
expression and classify HNSCC clinical characteristics (A) CafS in the
groups of Cl1 and C2; combined database; p < 2.2e-16. (B—F) The
Kaplan-Meier plot displays significant differences of survival time
among the high-CafS and low-CafS groups in the Combined, TCGA,
GSE65858, GSE41613, and GSE42743 cohort, respectively. High group
was worse than low group, log rank p = 0.013, 0.036, 0.049, 0.00028,
0.0072. (G) CafS in TCGA cohort among the group of HPV positive and
HPV negative, p = 6e-10. (H) CafS in GSE65858 cohort among the
group of HPV positive and HPV negative, p = 0.002. (I-L) CafS in
TCGA, GSE65858, GSE41613, and external cohort GSE42743; among
the group of stages; respectively, (p = 0.101, 0.194, 0.451, 0.483).
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FIGURE 5

CafS changes the tumor immune microenvironment and is

related to tumor associated macrophage (TAM) (A) Enrichment of
28 immune cell types infiltrating in the groups of CafS; combined
database; the asterisk represents the different p values (* <0.05;

** <0.01; *** <0.001, **** <0.0001). (B) Boxplot of 24 immune cell
types infiltrating by CIBERSORT algorithm in the groups of CafS;
combined database; the asterisk represents the different p values

(* <0.05; ** <0.01; *** <0.001, **** <0.0001). (C) Five genes’
expression of tumor associated macrophage (TAM) in the groups of
CafS; the asterisk represents the different p values (* <0.05; ** <0.01;
*** <0.001, **** <0.0001). (D-H) Correlation between CafS and CCL2,
CLEC7A, CSF1, CSFIR and PDGFB (CafS and CCL2: r = 0.28, p = 1.44e-
16; CafS and CLEC7A: r = 0.19, p = 1.69e-08; CafS and CSF1:r = 0.28,
p = 4.14e-17; CafS and CSFIR: r = 0.33, p = 3.1e-23; CafS and PDGFB:
r=0.61p = 128e-88).
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sample gene set enrichment analysis (ssGSEA) method to
construct a score system CafS which represented the
quantification of these 31 CAFs genes. We found CafS in
C1 cluster was significantly higher than C2 (¢-test, p < 2.22e-16;
Figure 4A). According the CafS, we divided survival cohort
samples into high and low group by the optimal cut-off value,
we found CafS was a prognostic factor (log-rank, p = 0.013;
Figure 4B). In the internal TCGA, GSE41613 and
GSE65858 cohorts, high CafS indicated worse survival (log-
rank, p = 0.036; p = 0.00028; p = 0.049; respectively, Figures
4C-E). In the external cohort, high CafS also predicted bad
outcoming (Figure 4F). These results proved poor prognosis for
patients with high CafS. Ang, K. K. et al. (Ang et al., 2010) found
there was significant survival advantages in HNSCC patients with
HPV (+) comparing to HPV (-). In our study, we found that the
CafS level in the HPV (-) group was significantly higher than that
in the HPV (+) group (p = 6e-10; p = 0.002; Figures 4G, H). We
subsequently investigated the tumor mutation burden (TMB) in
the groups C1 and C2 from TCGA database, but no statistically
0.22,
Supplementary Figures S2A, B).Tobacco use may contribute to

significant difference was found between them (p =

the distribution of CafS, but we did not observe a significant
difference between the smoking and non-smoking groups
(TCGA, p = 0.76, GSE65858, p = 0.84, Supplementary Figures
S3A, B). Moreover, we evaluated the CafS levels across all stages of
head and neck squamous cell carcinoma (HNSCC), the results
showed no statistical difference in CafS among different HNSCC
stages (Figures 4I-L, p = 0.101, 0.194, 0.451, 0.483).

High CafS changes the tumor immune
microenvironment and is related to tumor
associated macrophage (TAM)

We explored the relevence between the immune cell
infiltration and CafS in the groups of Cl and C2. According
to Bindea, G. et al. (Bindea et al., 2013) study, we calculated
28 immune cells value by the method of ssGSEA. Our results
showed the proportion of activated CD4 T cell and activated
CD8 T cell were significantly higher in the C2 cluster, on the
contrary, the related macrophages infiltration was exceedingly
higher in the C1 cluster (Figure 5A). We used CIBERSORT
algorithm (Newman et al, 2015) to further detect the
differential immune infiltration in the clusters C1 and C2.
The results showed the expression of activated CD4 T cell
and CD8 T cell were higher but macrophages (including MO,
M1 and M2 status) were lower in C2 (Figure 5B). It reflected
that high CafS may prevent immune cell cytotoxic effects but
promote immune cell inflammatory effects in head and neck
squamous cell carcinoma. M2 status macrophage often referred
as tumor associated macrophage (TAM) which promote tumor
growth, invasion, and metastasis (Ovais et al., 2019). So, we
TAM previous
(Ngambenjawong et al,, 2017; Jiang et al., 2022), they are
CCL2, CLE7A, CSF1, CSFIR and PDGFB. We detected these
TAM markers expression in the combined cohort, found all of

collected markers from studies

them were significantly higher expression in high CafS group
(Figure 4C). The correlation plots showed CafS was significantly
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FIGURE 6

CafS changes hallmark signaling pathway and promotes the

ability of tumor invasion (A) Complex-heatmap display the landscape
in the combined cohort; the panel display the expression of hallmark
signaling pathway involved in different CafS group; Proliferation,
Invasion, Immune, Metabolism, Mutation and DNA represented six
different pathway modules which arrange from the top down in
complex-heatmap and they are labeled at the bottom of it;

C1 represented high Cafs group and C2 represented low Cafs group;
“fustat” means survival status, “1" means dead, "0" means alive. (B—F)
Correlation between CafS and EMT, coagulation, angiogenesis,
hypoxia, and uv-response-down pathway (CafS and EMT: r=0.87,p =
1.77e-268; CafS and Coagulation: r = 0.82, p = 7.12e-209; CafS and
Angiogenesis: r = 0.82, p = 3.19e-215; CafS and Hypoxia: r = 0.53,p =
1.09e-63; CafS and Uv-response-down: r = 0.60, p = 1.24e-86). (G)
StromalScore in the groups of CafS; combined database; p = 1.61e-36.

positive correlated with these five TAM markers in combined
database (CCL2: r = 0.28, p = 1.44e-16; CLEC7A: r = 0.19, p =
1.69e-08; CSF1:r = 0.28, p =4.14e-17; CSF1R: r = 0.33, p = 3.1e-
23; PDGFB: r = 0.61, p = 1.28e-88; respectively, Figures 5D-H).
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FIGURE 7

Verification of CafS clinical characteristic and biological function

in single-cell RNA sequencing database (A) UMAP plot of selected

10244 single cells in tumor and non-immune stromal cells

(CD45 negative). Different colors represent different cell types.

(B) UMAP plot showed the expression of endothelial cell and cancer

associated fibroblasts cell. (C) UAMP plot of selected 10244 single cells

in tumor and non-immune stromal cells (CD45 negative). 18 cell

clusters were divided into 12 cell types. (D) The Kaplan-Meier plot

displays significant differences of survival time among the high-CAFs

proportion and low-CAFs proportion in TCGA cohorts. Deconvolution
(Continued)
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FIGURE 7 (Continued)

method. High proportion group had worse overall time than low.

(E) Display of the landscape of signaling pathways in different cell
clusters; the panel display the hallmark signaling pathway involved in
different cell clusters; Cluster (red module represent CAFs cell
type), p-value and Direction of up or down are labeled at the right of
plot; RRA represent significance. (F) Display of the landscape of gene
set up-regulation or down-regulation in different cell clusters; Cluster
(red module represent CAFs gene set), Method and Significance are
labeled at the right of plot. (G) The differential cell-cell cellular
communication shows CAFs weight coefficient between all cell types.
(H) The heatmap of cell-cell cellular communication shows the
counts of CAFs between all cell types. () Communication network of
the significant ligand-receptor pairs between CAFs and other cell
types, which contribute to the signaling from CAFs to Naive B cell,
Endothelial Cell, Epithelial cell, Monocyte cell, NK cell, CD4* T cell and
Tissue stem cell subpopulations. Dot color reflects communication
probabilities and dot size represents computed p-values. Empty space
means the communication probability is zero. p-values are computed
from one-sided permutation test. (J) SDC1, SDC2, NCL, LRP1 in the
groups of Combined cohorts; p = 2.47e-06; p = 1.03e-22; p = 0.002;
p =5e-12. (K) ITGA5 and ITGBL in the groups of combined cohorts; p =
2.88e-85; p = 2.78e-45.

CafS changes hallmark signaling pathway
and promotes the ability of tumor invasion

We used GSVA method to analysis the characteristics of the
associated signaling pathways in different CafS subtypes. The
hallmark signaling pathway gene set was download from The
Molecular Signatures Database (Liberzon et al., 2015) (MSigDB,
https://www.gsea-msigdb.org/). We found high CafS in C1 had a
remarkable enrichment in tumor invasion-related pathways such as
angiogenesis, epithelial mesenchymal transition, and coagulation. In
addition, we found there were different enrichments in pathways
including tumor proliferation-related, tumor immune-related,
tumor metabolism-related, tumor mutation-related, and tumor
DNA damage-related (Figure 6A). We explored the relationship
between CafS and tumor invasion-related pathways to further
understand the mechanism of tumor process, we found CafS was
significantly positive correlated with these tumor invasion-related,
DNA damage-related and metabolism-related signaling pathways
(EMT: r = 0.87, p = 1.77e-268; Coagulation: r = 0.82, p = 7.12¢-209;
Angiogenesis: r = 0.82, p = 3.19e-215; Hypoxia: r = 0.53, p = 1.09e-
63; Uv-response-down: r = 0.60, p = 1.24e-86; respectively; Figures
6B-F). Fibroblasts contributed to a dominant component of the
tumor stroma (Kalluri and Zeisberg, 2006), so, we used
“ESTIMATE” R package to quantify the scores of stromal: the
“StromalScore”. We found the StromalScore is profoundly higher
in CI than C2 group (Figure 6G).

Verification of CAFs characteristics in single-
cell RNA sequencing database

We used R package “Seurat” (Butler et al., 2018) to analysis
HNSCC single cell database. We selected CD45 negative as tumor
and non-immune stromal cells to elucidate the heterogeneity of head
and neck squamous. After quality control and filtering, we identified
10,244 cells from five head and neck squamous cell patients. We
distinguished 18 distinct clusters based on a resolution value 0.5
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FIGURE 8

Construction and verification to the CAFs risk prediction model
using machine learning methods (A) LASSO coefficient profiles of
31 cancer associated fibroblasts marker genes in Combined cohort.
(B) 1000-time cross-validation for tuning parameter selection in
the LASSO model; Combined cohort. (C) A total of 107 kinds of
prediction models via machine learning and further calculated the
C-index of each model across training and all validation cohorts.
(D-H) Kaplan—Meier curves of overall survival according to the
median risk score in Combined, TCGA-HNSC, GSE41613, GSE65858,
and GSE42743 external validation cohorts. All log-rank p < 0.0001.
(Continued)
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(I-M) Time-ROC value in Combined, TCGA-HNSC, GSE41613,
GSE65858, and GSE42743 external validation cohorts. (I) Combined,
AUC one-three-five years = 0.93, 0.99, 0.97. (3) TCGA-HNSC, AUC
one-three-five years = 0.97, 0.98, 0.96. (K) GSE41613, AUC one-
three-five years = 0.96, 0.97, 0.94. (L) GSE65858, AUC one-three
years = 0.98. (M) GSE42743, AUC one-three-five years = 0.95, 0.91,
0.96. (N-R) Multivariate Cox regression of risk score regarding to OS
in the Combined, TCGA-HNSC, GSE41613, GSE65858 and GSE42743.
Statistic tests: two-sided Wald test. Data are presented as hazard ratio
(HR) + 95% confidence interval [CI].

(Figure 7A). We labeled cell types as endothelial cell (Endothelial,
gene expression of PLVAP, KDR, PTPRB) and cancer associated
fibroblasts cell (CAFs, gene expression of FAP, MMP11, PDGFRB,
SFRP2, PDGFRA, ADAMTS2; Figure 7B). In addition to endothelial
and cancer associated fibroblasts cell types classified above, we used
“Single R” package to identify several other distinct clusters, they
were b-cell Naive, epithelial-cells bladder, epithelial-cells bronchial,
monocyte, monocyte:CD14+, monocyte:CD16+, NK cell, CD4"
central memory T cell, CD4" central effector T cell and tissue-
stem-cells:BM_MSC:BMP2 (Figure 7C). To further understand the
characteristics for the CAFs, we performed a deconvolution method
(Wang et al., 2019) to calculate the bulk tissue proportion of CAFs in
TCGA cohort with this single cell RNA sequencing database
reference (Supplementary Table S1). Combining clinical data of
TCGA-HNSC, we found higher CAFs proportion indicated
significant poorer prognosis for head and neck squamous cell
carcinoma (log rank p = 0.0029, Figure 7D). This result validated
the high CAFs proportion may be identical to the high CafS as a
prognostic indicator in HNSCC.

We next used irGSEA (https://github.com/chuiqin/irGSEA)
package to analysis the associated signaling pathways in different
cell clusters and focused more on CAFs type. The results exhibited
CAFs cluster had a remarkable up-enrichment in tumor
progression-related pathways such as angiogenesis, epithelial
mesenchymal transition, coagulation, hypoxia and uv-response-
down (Figure 7E), which were observed as the same to high CafS
in group CI (Figure 6A). We also detected CAFs cluster gene set
expression, undoubtedly, CAFs cluster gene set was up-regulation
(Figure 7F). These results illustrated up-regulation of CAFs genes
could play a precondition role in activating specific signaling
pathways such as angiogenesis, epithelial mesenchymal transition,
coagulation, hypoxia, and uv-response-down, etc. This alternation
influenced the tumor microenvironment and leaded to poorer
prognosis in head and neck squamous cell carcinoma patients.

To further detect the enrichment of CAFs populations in
HNSCC cells, we hypothesized that those CAFs populations
might be functionally distinct across other different cell type. We
hence performed the ligand-receptor-based cell-cell cellular cross-
talk analysis (Jin et al., 2021). The plot showed the different weight
coefficient distribution and counts frequency of CAFs to others
cellular cross-talk (Figures 7G-H). These results suggested that
HNSCC CAFs cells could preferentially reprogram and induce
their specific functional status-likely explained by the specificity
between genes’ differential expression, which could directly impact
TME. We used the same method (Jin et al., 2021) to distinguish the
signaling of ligand-receptor interactions network in HNSCC cells.
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FIGURE 9

Relationship between CafS classification pattern and CAFs risk

score model (A, B) The correlation between CafS and risk score in the

combined and external cohort GSE42743; Combined, r = 0.14, p =

3.1e-05; GSE42743,r = 0.5, p = 7e-06. (C-F) CafS in the high and

low risk groups in the combined, TCGA-HNSC, GSE41613 and

GSE42743 cohort p = 0.025, 0.012, 2.57e-06, 0.007, respectively.

(G-J) Kaplan—Meier curves of overall survival according to the median

of ENO1 and PGAM1 expression in the Combined and

GSE42743 external validation cohorts. Combined, ENO1 and PGAM1,

log-rank p = 0.015, 0.035, respectively. GSE42743, ENO1 and PGAM1,
(Continued)
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FIGURE 9 (Continued)

log-rank p = 0.0063, 0.015, respectively. (K-N) ENO1, PGAM1,
HK2, PFKP, BPGM, PGK1 and CafS expression in the CafS classification
model and risk score model; Combined and external

GSE42743 cohorts; the asterisk represents the different p values

(* <0.05; ** <0.01; *** <0.001, **** <0.0001). (O—-R)
Immunohistochemical of PGMAl and ENO1 in the matched tumor and
normal side.

We identified MDK and Nicotinamide phosphoribosyl transferase
(NAMPT) ligand-receptor pairs contributing to the most
communication from CAFs to each HNSCC cell type (Figure 7I).
In combined bulk cohort, we further vitrificated high expression of
these related ligand-receptor genes in high CafS group (Figures
7]-K). Therefore, these ligand-receptor pairs specifically enriched in
HNSCC TME maybe provide a clue for targeted therapy.

Construction and verification to the CAFs
risk prediction model using machine
learning methods

Several studies have proved that CAFs genes were biomarker for
prognostic in many types of cancer (Wen et al., 2019; Li et al., 2021a;
Shelton et al.,, 2021). So, we used the Lasso algorithm to filter the
most candidate prognostic CAFs genes from the classification model
(Figures 8A, B). Considering the convenience for the future clinical
testing, we selected 9 CAFs genes (including ENO1, TSC22D1,
ISG15, PGAMI1, SFEP2, PDGFRB, ITGAX, ADAMTS14 and
TLL1) and CafS to construct risk model. We set TCGA-HNSC
database as training cohort; the combined cohort, GSE65858, and
GSE41613 cohorts as validation datasets. GSE42743 cohort was used
to external verification. In TCGA-HNSC cohort, we first fitted
107 kinds of prediction models via the 10 machine learning
algorithms and further calculated the C-index value of each
model across all validation datasets (Figure 8C). Interestingly, the
optimal training model with the highest C-index value (0.95) was
designed by random survival forest (RSF) algorithm, and this model
also present highest average C-index value (0.61) in all validation
cohorts (Figure 8C). Next, a risk score for each patient was
calculated using the “predict” function in this RSF model,
according to their median risk score, all patients were divided
into high- and low-risk groups. The Kaplan-Meier curve showed
patients in the high-risk group had significantly dismal overall
survival (OS) compared to the low-risk group in the TCGA-
HNSC training dataset and four validation datasets (Figures
8D-G, all log rank p < 0.0001). The trend of this finding was
validated in the external cohort GSE42743 using the same method
(Figure 8H, log rank p < 0.0001). Time receiver operating
characteristic (ROC) method was applied to verify the sensitivity
and specificity to the risk model. As we had expected, the results
demonstrated that all datasets had remarkably delight Time-ROC
values (combined, AUC one-three-five years = 0.93, 0.99, 0.97;
TCGA-HNSC, AUC one-three-five years = 0.97, 0.98, 0.96;
GSE41613, AUC one-three-five years = 096, 0.97, 0.94;
GSE65858, AUC one-three years = 0.98; GSE42743, AUC one-
three-five years = 0.95, 0.91, 0.96; Figures 81-M). Those results
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indicated this CAFs related risk model had considerably predictive
significance. Multivariate Cox regression demonstrated that risk
score remained statistically significant (all p-value < 0.05) in all
cohorts after adjusting for available clinical traits, such as age (less
than 60 vs. be equal or greater than 60); gender (Female vs. Male);
stage and HPV status, the results suggested that risk score is an
independent predict factor for overall survival (Figures 8N-R).

Relationship between CafS classification
pattern and CAFs risk score model

As the results showed above: the high CafS and CAFs related
high-risk score both indicate worse survival, we assumed that
those HNSCC populations with high-risk score seem to combine
with high CafS. Hence, we generated a correlation map which
showed CafS was significantly positive correlated with the risk
score in the combined and external validation cohort (r=0.19; p =
3.1e-05; r = 0.5, p = 7e-06; Figures 9A, B). We further calculated
the CafS in the groups of risk model and found that the model risk
score might fit CafS distribution in the combined and validation
cohorts (combined, p = 0.025; TCGA-HNSC, p = 0.012;
GSE41613, p = 2.75e-06; GSE42743, p = 0.007; Figures 9C-F).
These results confirmed our hypothesis that there is a certain
degree of interaction between CafS and risk score thereby
bringing dark survival to HNSCC patients. In the Multivariate
Cox regression model, we found ENO1l and PGAMIwere
glycolysis enzyme markers (Huang et al., 2022a; Yang et al,
2022) may contribute to bad outcomes. According to the gene
median expression, the ENO1 and PGAMI were significant
predictors in both combined and validation cohorts
(combined, ENOI, log-rank p = 0.015, PGAM1, log-rank p =
0.035; GSE42743, ENOI, log-rank p = 0.0063, PGAM]1, log-rank
p = 0.015; Figures 9G-J). As the results described above, we infer
that high CafS and risk score could induce glycolysis
reprograming, we hence collected other four crucial glycolysis
enzyme biomarkers from previous study (Warmoes and Locasale,
2014), they are BPGM, HK2, PFKP and PGKI. In the CafS
classification model, the results showed these genes’ expression
presented higher in the group of C1 (Figures 9K, L). In the risk
model, glycolysis enzyme marker genes expression also was
observed increased trend in the combined cohort, but not all
were observed high expression in the GSE42743 external
validation cohort, possibly due to the sample size (Figures 9M,
N). Based on matched tumor and normal tissues from the patients
in Human Protein Atlas, we found both PGAM1 and ENO1 were
up-regulation in tumor side (Figures 90-R). The qPCR assay also
validated that PGAM1 and ENOI were over expression in
HNSCC cell lines compare to nasopharyngeal epithelial cell
line (Supplementary Figures S4A-D). Hence, the above results
provide us a clue for targeted glycolysis reprograming therapy
might make breakthroughs in CAFs treatment.

Discussion

At present, a lot of studies only use TCGA or single GSE cohort as
data sources to analysis malignant tumor, which are short of sample
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size and beyond to the accuracy and effectiveness for medical
practice. In our study, we collected 868 cases to explore the
molecular actions of CAFs in head and neck squamous cell
carcinoma. We constructed a robust CAFs related classification
and score system using 31 CAFs marker genes, which could
effectively predict the prognosis of the HNSCC patients. We
found there were remarkable discrepancy in clinical and biological
characteristics such as HPV status and TAMs among different CafS
clusters. HPV-negative head and neck tumors patients was
confirmed with terrible prognoses (Johnson et al, 2020). In our
study, high CafS patient was more likely to be HPV-negative,
indicated that CafS could exert adverse impact on clinical
outcomes. Tumor associated macrophages marker genes
played a crucial role in tumor process, for example, high
expression CCL2 in macrophages could promote HNSCC
invasion and metastasis (Ling et al., 2022). CLEC7A also
called Dectinl, Daley, D. et al. (Daley et al.,, 2017) found it
ductal

adenocarcinoma progression. CSF1/CSFIR signaling axis had

activated macrophages and promotes pancreatic
been proved induced macrophages to M2 polarization and
promoted tumor growth and lung metastasis (Fujiwara et al,
2021). PDGEFB as a platelet activation factor for promoting tumor
metastasis by recruitment of TAMs (Yang et al., 2016). In our
study, we showed these five TAMs markers not only were
exceedingly high expression in C1 group but closely associated
with CafS, these results illustrated high CafS was associated with
abundant M2 macrophages enrichment and provided us an
expanded knowledge for the CAFs genes’ role in the tumor
microenvironment.

Analysis for the associated signaling pathways in different
CafS groups revealed interesting findings. First, high CafS

represented extensively activation in pathways such as
angiogenesis,  epithelial mesenchymal transition, and
coagulation, all these pathways enhanced tumor cell

malignancy (Nash et al,, 2001; Zhang et al,, 2021a; Huinen
et al., 2021). UV-response-down pathway was a process that
organism undergo UV-B or UV-A radiation may generate
genomic mutations and instability leading to tumorigenesis
(Tan et al., 2019). In this study, we found uv-response-down
was up-regulation in CI group, it broadened our horizons of
CAFs carcinogenesis. Hypoxia pathway could activate multiple
genes’ expression which participate in iron metabolism, glucose
transport, cell proliferation thereby resulting in poor prognosis of
treatment (Nordgren and Tavassoli, 2011). Our result showed
high CafS aggravate head and neck squamous cell carcinoma
hypoxic condition and displayed a remarkable correlation
between these five tumor-related signaling pathways and CafS,
which enhanced our comprehension for CAFs promoting
HNSCC proliferation and metastasis. In addition, high CafS
was characterized by leading stromal score, hence are more
likely to lead to tumor capped by extracellular matrix and
induce immunosuppression (Buchheit et al., 2014).

Single cell RNA sequencing revealed head and neck squamous
cell complexity and heterogeneity. We identified CAFs clusters and
other 11 distinct cell types. Similar to the bulk tissue sequencing
results, our results validated CAFs population possess the
characteristics of strong cancer-promoting signatures, it indicated
angiogenesis, epithelial mesenchymal transition, coagulation, uv-

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1111816

Wang et al.

response-down and hypoxia pathways were up-regulated in this cell
cluster. The up regulation of CAFs gene set profile contribute to the
activation of these related signaling pathways. Moreover, the
deconvolution result showed high CAFs proportion, just like high
Cafs, robustly correlated with poor survival in TCGA cohort,
suggesting a prospective adoption to CAFs biomarkers for
HNSCC treatment.

Comprehensive investigations of intercellular
communications are essential for understanding interactions
and spatial proximity between CAFs and other cell types.
Midkine (MDK) belong to a group of heparin-binding growth
factors that has been shown to have pleiotropic functions in
various biological processes during development and disease
(Cui and Lwigale, 2019). It has been reported to overlap with
the expression of SCD1 and LRP1 and promote epidermal growth
factor receptor (EGFR) signaling by interacting with surface
nucleolin (NCL) in hypoxic condition (Cui and Lwigale, 2019;
Kinoshita et al., 2020). In addition, overexpression of SDC1 and
SDC2 were associated with more aggressive in prostate cancer
and MDK-LRP1  will
immunosuppressive macrophages (Zhang et al., 2021b; Santos
et al,, 2021). In our study, we first identified those MDK related
ligand-receptor pairs as the dominant signaling facilitate to the

induce the differentiation of

cellular cross-talk between CAFs and other cell types. We further
contextualize this finding in our combined bulk cohort, thus
those ligand-receptor analysis of the putative interactions
displayed here can be pursued further to better understand the
ecosystem cultivated by intercellular communication in the
HNSCC
phosphoribosyl transferase (NAMPT) played a crucial role in

tumor microenvironment. Nicotinamide
cancer cell metabolism, often overexpressed in tumor tissues and
was an effective target for antitumor treatments (Garten et al,,
2015). NAMPT inhibitor was proved to effectively repress cell
growth in head and neck squamous cell carcinoma (Cai et al,,
2022). In our study, we revealed the extensive enrichment of
NAMPT ligand-receptor pair (ITGA5, ITGB1) communication,
we also found ITGAS5 and ITGBI were overexpressed in high
CafS group, thus providing an explanation for the complex pro
tumorigenic mechanism of CAFs.

With the expression profiles of these CAFs genes, we developed
an integrative pipeline to construct a predictive model according to
the CafS classifier. We first used Lasso algorithm to screen the
contents of model container. In total, 9 CAFs related genes and
107 kinds of models were fitted to the training datasets via machine
learning. Further validation in independent cohorts revealed that the
optimal model was random survival forest (RSF). In contrast to the
former studies, the advantage of this model with consensus
performance on the prognosis of HNSCC is based on a variety of
machine learning algorithms and their combinations, which further
make this model more convincing to accurate prognosis. TIME-
ROC curve suggested that risk score calculated by this model
maintained the high precision and high stable performance in all
datasets, which indicated great potential for the future clinical
application using this risk score. In addition, compared to the
conventional tools such as age, gender, stage and HPV status for
evaluating clinical outcomes, the risk score signature worked
independently of these factors and had significantly superior
efficiency in predicting prognosis in training and validation
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cohorts. We also reviewed previous published HNSCC-related
risk models which including different genes’ combination (Liu
et al, 2020; Li et al, 2021b; He et al.,, 2021; Wang et al., 2022a;
Huang et al., 2022b; Wang et al., 2022b; Chen et al., 2022; Chi et al.,
2022; Du et al,, 2022; Han et al,, 2022; Peng et al., 2022), among
these, none of them presented better AUC value performance than
our model. Therefore, our risk score signature could be a promising
surrogate for evaluating the prognosis of HNSCC in clinical practice.

Combining the Multivariate Cox regression model and
Kaplan-Meier curve, the result revealed glycolysis enzyme
biomarkers ENO1 and PGAMI might be important predictors of
overall survival in HNSCC. They have been verified to promote
cancer cell proliferation and progression (Ishikawa et al., 2014; Qiao
etal, 2021). Another study proved CAFs could secrete cytokines and
chemokines thus triggering mobilization of glycogen in cancer cells
and induce glycolysis reprograming, this CAFs-mediated glycolysis
reprograming then results in the invasion and metastasis enhanced
in ovarian cancer (Curtis et al, 2019). In our study, we found
ENOI1 and PGAMI both were up-regulation in C1 and high-risk
score group. In addition, the same trend was observed in the other
four glycolysis enzyme markers, and we validate ENO1 and
PGAMI1 were overexpression in matched tumor part compared
to normal side. Hence, we suggested CAFs could dominate the
tumor metabolism microenvironment by inducing glycolysis
reprograming in head and neck squamous cell carcinoma. To
this end, glycolysis inhibitors present a hopeful method to
improve CAFs targeted therapeutic strategy.

Although these promising findings were detected in this study, we
acknowledge some limitations. For example, we should verify our
results using fresh tumor samples, further biological experiment,
including cell and molecular assays need to validate the findings of
this study. In addition, we conducted a retrospective study, and future
validation should be performed in a prospective multicenter cohort.

In conclusion, we constructed a classification system to
distinguish the CAFs-related subtype in head and neck squamous
cell carcinoma. We observed the potential mechanism of
carcinogenesis to CAFs genes and revealed unique possibilities to
target glycolysis pathways to enhance CAFs targeted therapy. We
developed an unprecedentedly stable and powerful risk score for
assessing the prognosis. Our study contributes to the understanding
of the CAFs microenvironment complexity in patients with head
and neck squamous cell carcinoma and serves as a basis for future
in-depth CAFs gene clinical exploration.
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