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Despite signiﬁcant advances that have shattered previous dogmas about the causes of tumor
metastasis, the development of therapies to treat or prevent aggressive disease progression has
not kept pace and remains the most important challenge. Cancer heterogeneity, to a large extent
accounting for the incomplete and temporary efﬁcacy of current anticancer measures, is still poorly
understood at the molecular level. While early tumor stages are shaped by the accumulation of driver
mutations, advanced cancers have a number of key adaptations or hallmarks that can contribute to
metastasis (Birkbak and McGranahan, 2020).
Coherences between epithelial-mesenchymal transition (EMT) and the emergence of cancer stem
cells highlight that the metastatic process is driven by epigenetic programming that involves short
and long non-coding RNAs (Meier et al., 2016; Wang et al., 2016; Logotheti et al., 2020a). These
events are usually cell- or tissue-speciﬁc and regulated at different developmental stages or in
response to extracellular stimuli (Vanharanta and Massagué, 2013; Khan et al., 2017). Furthermore,
combinatorial de novo activation of multiple distinct and developmentally distant transcriptional
modules appears to be a recurrent mechanistic pattern (Rodrigues et al., 2018). In this regard, cooption of programs of tissue homeostasis and normal embryonic development, including off-context
expression of tissue-restricted genes or reactivation of cell differentiation pathways in the cancer
context (Logotheti et al., 2020b) emerge as predictors of poor patient outcome across various cancers.
Another layer of heterogeneity and complexity that promotes disease progression arises from
reciprocal cross-talks of cancer cell subpopulations with cellular and molecular components of the
tumor microenvironment (TME) which massively inﬂuences the treatability of metastasis-prone
cancer cells.
The p53 family of transcription factors (p53, p63, p73) that includes tumor suppressor proteins and
their N-terminally truncated or mutant isoforms, is critically important for orchestrating the above
processes. They cover a wide range of non-oncogenic and oncogenic functions by switching duties
depending on the cellular and molecular background (Vikhanskaya et al., 2007; Crum and McKeon 2010;
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Toh et al., 2010; Steder et al., 2013; Vera et al., 2013; Engelmann and
Pützer 2014; Dulloo et al., 2015; Engelmann et al., 2015; Nemajerova
et al., 2018; Melino, 2020; Wang et al., 2020; Rozenberg et al., 2021).
This Research Topic creates a conceptual framework for systems
medicine approaches using information from multiple disciplines,
such as developmental biology, cancer research and tumor
immunology, to understand disease phenotypes based on common
mechanisms and in an integrative manner. A total of 11 articles were
received, of which 6 are original research and 5 are review articles.
Based on latest achievements in the ﬁeld, suggesting that cancer
acquires metastatic potential and evolves via co-opting gene
regulatory networks of embryonic development and tissue
homeostasis frequently conserved among species, Marquardt et al.
focused on tumor evolution, speciﬁcally on metastatic potential in
relation to organismal evolution. The authors analyzed the ﬁrst
appearance of tumors and the transition between non-metastatic and
metastatic tumors during the evolution of phylogenetic taxa using
bioinformatic tools in species-speciﬁc cancer phenotypes, multiomics data, developmental phenotypes of knockout mice, and
molecular phylogenetics. This systems-based approach provides
evidence that the presence of metastasis coincides with agnathato-gnathostome transition, and that genes indispensable for jaw
development are co-opted in tumor progression. The in-silico
pipeline developed here enables prediction of putative metastatic
drivers and targeting of evolutionary traits in the evolving tumor.
The relevance of lncRNAs in competing endogenous RNA
(ceRNA) mechanisms and cancer regulatory networks is
addressed by Zhang et al. This study highlights the effects of
lncRNA somatic mutations in miRNA response elements on the
expression of target mRNAs (ceM) and how this affects tumor
heterogeneity. Multivariate multiple regression models showed a
signiﬁcant effect of 162 high-frequency mutations on the
expression of ceMs and low-frequency mutations resulted in
perturbation of 1624 ceMs in pan-cancer. The authors provide
data underlining the impact of lncRNA mutations on changes in
oncogenic functions and patient survival.
Other excellent contributions investigate context-speciﬁc
mechanisms of treatment resistance, with emphasis on
immunotherapy to deﬁne markers for improved responses and
clinical need in different cancer settings but mainly melanoma.
Considering the potentially essential role of tumor-associated B
(TAB) cells in T cell-based anti-tumor immunity, Chen et al.
explored the developmental changes of B cells during melanoma
progression.
By
using
seven
color
multiplex
immunohistochemistry and automated tissue imaging, the
authors analyzed the six major B cell and antibody secreting
cell (ASC) subpopulations and their spatiotemporal dynamics in
whole tumor sections of a large set of human melanoma samples.
Their data point to a metastasis-, tumor stage-, and age-associated
distribution of subpopulations with decreased memory-like TAB in
metastasizing primary melanomas, but increased numbers at
locoregional metastatic sites, and an enrichment for plasmablast
and plasma cell-like ASC at distant metastatic sites.
The work of Lai et al. is dedicated to the improvement of
dentritic cell (DC)-based vaccines in the tumor microenvironment.
Authors constructed a multi-compartment Ordinary Differential
Equation model representing different stages of DC
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immunotherapy, such as spreading and bio-distribution of
intravenously injected DCs, biochemical reactions regulating DC
maturation and activation, and DC-mediated T cell activation to
analyze DC- and T cell-associated molecules and signaling
pathway predicting the optimal targets for enhancing DC
bioactivity and melanoma-speciﬁc cell therapy. Their key
ﬁnding is that modulating the NF-kB inhibitor IκBα may
improve differentiation of memory T (Tmem) cells.
Toy et al. uncover molecular markers of cancer radioresistance
based on high-throughput gene expression data. They applied a
bioinformatics approach using different methods and computational
pipelines to publicly available transcriptome datasets. Results show a
set of 36 differentially expressed genes primarily linked to DNA
damage repair, oxidative stress, and apoptosis in common
radioresistant-relevant pathways. These ﬁndings and their value
as potential diagnostic markers or therapeutic targets can be
validated by in vivo experimental studies to improve treatment
outcomes.
Furthermore, several cutting-edge review articles provide an
updated overview of the roles of p73, p53 and p63 as key drivers of
phenotypic and functional plasticity in the context of cellular
reprogramming, tissue remodeling and cancer progression,
connecting intracellular events with complex and dynamic
microenvironments. Focusing on published genome-wide
studies, Woodstock et al. outline recent ﬁndings of a
cooperative, instead of the originally known, competing
interplay between p53 and Δp63, and explore how p53 family
members that share common binding sites and target genes
coordinate their effects on cell fate.
Laubach et al. highlight the impact of non-canonical functions of
p53 family proteins in a plethora of biological processes, and refer
speciﬁcally to studies that demonstrate the roles of p53, p63, and p73
in lipid and iron metabolism. Lipids are important for many cellular
functions including structure, signaling, and the inﬂammatory
response, as pointed out by recent publications. Authors discuss
the similarities and differences of all three proteins in regulating these
metabolic processes and their relevance to disease.
The function of p73 beyond its well-established tumor
suppression effect is comprehensively addressed in the review of
Maeso-Alonso et al. They summarize latest evidence for the role of
p73 as a tissue architect that governs the organization and
homeostasis of different microenvironments, supporting processes
like multiciliogenesis, hippocampal neurogenesis, and spermatid
development. This function is considered to be a conserved trait
inherited from the p63/p73 hybrid-like gene ancestor at the
beginning of epithelial tissue evolution tracing back to Placozoans
and Cnidaria. Via integration of ChIP- and RNA-seq data, studies
analyzed are further linked to their own data on p73-mediated
regulation of cytoskeletal dynamics, corroborating their hypothesis.
Focusing on the structure and variegated functions of p73
isoforms, the work of Logotheti et al. characterizes the
signiﬁcance of TP73 in controlling development and
differentiation, and how this activity can be hijacked during
cancer progression or in the tumor microenvironment, with
emphasis on neoneurogenesis as emerging cancer hallmark.
Using melanoma as a paradigm, they provide new insight into
molecular mechanisms underlying the pleiotropic effects of p73

25

February 2022 | Volume 10 | Article 842596

Pützer and Sabapathy

Editorial: Next-Generation Cancer Developments

AUTHOR CONTRIBUTIONS
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Eradication of cancer cells through exposure to high doses of ionizing radiation (IR)
is a widely used therapeutic strategy in the clinical setting. However, in many cases,
cancer cells can develop remarkable resistance to radiation. Radioresistance represents
a prominent obstacle in the effective treatment of cancer. Therefore, elucidation of the
molecular mechanisms and pathways related to radioresistance in cancer cells is of
paramount importance. In the present study, an integrative bioinformatics approach
was applied to three publicly available RNA sequencing and microarray transcriptome
datasets of human cancer cells of different tissue origins treated with ionizing radiation.
These data were investigated in order to identify genes with a significantly altered
expression between radioresistant and corresponding radiosensitive cancer cells.
Through rigorous statistical and biological analyses, 36 genes were identified as potential
biomarkers of radioresistance. These genes, which are primarily implicated in DNA
damage repair, oxidative stress, cell pro-survival, and apoptotic pathways, could serve
as potential diagnostic/prognostic markers cancer cell resistance to radiation treatment,
as well as for therapy outcome and cancer patient survival. In addition, our findings
could be potentially utilized in the laboratory and clinical setting for enhancing cancer
cell susceptibility to radiation therapy protocols.
Keywords: ionizing radiation, DNA damage repair, cancer cell radioresistance, bioinformatics, gene expression
profiles, biomarkers

INTRODUCTION
Radiation therapy or radiotherapy (RT) represents one of the optimal, most widely used modalities
in the treatment of multiple cancers, either alone or combined with other curative anti-cancer
modalities like chemotherapy (Delaney et al., 2005; Begg et al., 2011) or immunotherapy (Tang
et al., 2014; Schoenhals et al., 2016). It is estimated that approximately 50% of all cancer patients
worldwide undergo radiotherapy throughout their illness trajectory (Baskar et al., 2012).
Advances in radiotherapy contribute greatly to cancer patients’ improvement of overall
survival and quality of life (Baskar et al., 2012). The aim of radiotherapeutic regimens is
to specifically and efficiently sensitize cancer cells to IR in order to eliminate them and
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prevent cancer recurrence and relapse, minimizing at the same
time the adverse effects of radiation on healthy tissue. RT
affects cancer cells either directly, by inducing genomic (DNA)
lesions, or indirectly, through the generation of DNA damaging
intermediates through the interaction with water, like reactive
oxygen/nitrogen species (ROS/RNS) and free radicals (e.g.,
hydrogen ion, hydroxide, etc.) (Mikkelsen and Wardman, 2003;
Yamamori et al., 2012).
However, cancer cells have the capacity to develop incredible
tolerability and resistance to RT, thereby evading death.
Radioresistance represents a major limiting factor in the effective
treatment of different types of cancers. The response of tumor
cells to radiation depends both on the resistance mechanisms
of the cells and also on the accelerated repopulation of the
tumor bulk by cells that have developed further radioresistance
(Pavlopoulou et al., 2016, 2017). As noted in previous studies,
the genes that are differentially expressed (either up- or downregulated) between radioresistant (RR) and radiosensitive (RR)
cancer cells are generally implicated in DNA damage response
and repair (DDR/R) pathways, apoptosis, hypoxia, or response
to oxidative stress, etc. (Pavlopoulou et al., 2016, 2017). The
complexity of radiation resistance mechanisms suggests the
involvement of different and diverse biological mechanisms.
During the last decade, the advances in high-throughput
(HTP) “omics” technologies (e.g., RNA-Seq and microarrays)
enabled the generation of an enormous amount of gene
expression data. Data produced with HTP technologies are
stored in international public repositories such as NCBI’s
GEO (Gene Expression Omnibus) (https://www.ncbi.nlm.nih.
gov/gds/) (Barrett et al., 2013; Clough and Barrett, 2016). GEO
DataSets contains both original records and curated datasets.
Accumulated knowledge over years of research on the
biological effects of radiation points toward the development of
holistic approaches to “big data” analysis by employing systems
biology methodologies (Unger, 2014; Beheshti et al., 2019; Spratt
and Speers, 2019; Kanakoglou et al., 2020). Herein, we employed
a rigorous systems biology approach to unravel the molecular
determinants of resistance of cancer cells to IR, based solely
on HTP data. To this end, publicly available transcriptome
datasets relevant to cancer cell response to radiation were
retrieved from GEO, and specifically, cancer cell lines that
displayed enhanced resistance to radiation. Statistical analyses
were carried out to identify the differentially expressed genes
(DEGs) between radioresistant and radiosensitive tumor cells.
Furthermore, functional annotation of genes allowed us to
identify specific biological pathways implicated in cancer cell
resistance to radiation. Our findings could be applied in the
laboratory and clinical setting as biomarkers for the design of
targeted and personalized radiotherapy regimens in order to
effectively sensitize cancer cells to radiation, enhance tumor
control and thereby minimize tumor recurrence and metastasis.

(“radiation therapy” or “radiotherapy”) and (“cancer” or
“tumor”) and (“resistance” or “tolerability”) and (“sensitivity” or
“responsive”) and (“human” or “homo sapiens”). A total of three
eligible datasets were selected:
The GEO series GSE97543 (Emons et al., 2017)
(Supplementary Table 1) includes global gene expression
by microarray of both wild-type and radioresistant Dukes’
type C colorectal adenocarcinoma (COAD) cell lines that were
either non-irradiated or irradiated repeatedly with 2 Gray
(Gy) of X-rays in order to acquire a radioresistant phenotype.
The Agilent-026652 whole human genome microarray 4x44K,
GPL13497 platform was used.
In GSE13280 (Marston et al., 2009) (Supplementary Table 1),
genome-wide gene expression by microarray was performed of
cell lines derived from pediatric B-precursor acute lymphoblastic
leukemia (ALL) after 8 h in vitro exposure to 5 Gy IR. This dataset
contains cell lines both resistant and responsive to radiation. The
development of resistance and responsiveness to IR was assessed
by measuring apoptosis in cells. The Affymetrix human genome
U133A array, GPL96 platform was employed.
In GSE120798 (Gray et al., 2019) (Supplementary Table 1),
three novel radioresistant breast cancer cell lines were established
by exposing the corresponding parental cell lines MDA-MB231 (metastatic mammary adenocarcinoma), MCF-7 (breast
adenocarcinoma), and ZR-751 (luminal breast cancer) to
increasing doses of X-rays for 2 and 8 h. Genome-wide gene
expression analysis of both the parental and radioresistant cell
lines (i.e., MDA/MDAR, MCF/MCFR, ZR/ZRR) was performed
using high throughput sequencing. The NextSeq 550 (Homo
sapiens), GPL21697 platform was used.

Microarray-Based Transcriptomic Data
Analysis
For each microarray study, the gene expression data that
represent the gene expression summary for every probe and every
sample were recorded. In microarrays, many probes can map
to the same Gene Symbol for various reasons, and, conversely,
a probe may also map to more than one Gene Symbol if the
probe sequence is not specific enough. A simple approach would
be to use only the probes with one-to-one mapping for further
analysis; however, this approach results in the loss of important
information. To conduct an analysis based on genes and not
probes, the probe identifiers were firstly converted into gene
identifiers, according to Ramasamy et al. (2008) guidelines. To
this end, GPL files that contained information about the gene
symbols that correspond to probe IDs were used in order to
resolve the “many-to-many” relationships between probes and
genes by averaging the expression profiles for genes with more
than one probe (Ramasamy et al., 2008). We identified the
Gene Symbols with the usage of the HUGO Gene Nomenclature
Committee (Braschi et al., 2019) and the National Center for
Biotechnology Information (NCBI) GENE (Sayers et al., 2020).
The two-sample t-test was employed to identify genes
differentially expressed between the case (RR) and control (RS)
groups. However, a disadvantage of the t-test in the analysis of
microarray data is that if most of the experiments in a given

METHODS
Data Retrieval
The public repository NCBI GEO DataSets was searched
extensively for gene expression datasets using relevant keywords:
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normalization (Robinson and Oshlack, 2010) implemented in
EdgeR to the count data and we employed generalized linear
models with “cell lines,” “resistance,” and “time” as factors.
Then, estimating dispersion was computed with the estimateDisp
function, and differential expression analysis between the two
RNA-Seq groups (RR and RS) was performed using the glmFit
and glmLRT functions of the EdgeR package v3.28.0 (Robinson
et al., 2010) of the R statistical computation environment
v.3.6.1 (https://www.r-project.org). In order to detect statistically
significant differentially expressed genes, the threshold for the
absolute log2 -fold change was set at two (|log2 FC≥2|), and for the
FDR (Benjamini and Hochberg, 1995)-corrected p-value at 0.05.
All statistical calculations for the RNASeq data were performed
by using the R software environment. The pheatmap package of
R (https://CRAN.R-project.org/package=pheatmap) was utilized
to generate a heatmap from RNA-Seq data.

study contain a relatively small number of samples per group,
the assumption of normality is untenable. To resolve this, the
statistical method t-test with bootstrap was used (Efron and
Tibshirani, 1993). Bootstrap provides an ideal method to generate
accurate estimates of the standard errors when no formula
for the sampling distribution is available or when available
formulas make inappropriate assumptions (e.g., small sample
size, non-normal distribution). In this study, bootstrap analysis
was conducted with 1,000 replicates, a relatively high number, in
order to generate accurate estimates of the standard errors.
A typical microarray experiment measures the expression
of several thousand genes simultaneously across different
conditions. When investigating for potential DEGs between two
conditions, each gene is treated independently, and the t-test
is performed on each gene separately. The incidence of false
positives (i.e., genes falsely declared as DEGs) is proportional to
the number of tests performed and the critical significance level
(p-value cut-off). In order to account for multiple comparisons,
a correction method proposed by Benjamini and Hochberg
(1995) which controls False Discovery Rate (FDR) was applied.
FDR-controlling procedures have greater power (i.e., they
can discover more statistically significant differences), at the
expense of increased Type I error rate. Genes with adjusted
p-value (or q-value) less or equal to 0.05 were considered as
statistically significant in this study. For all statistical analyses,
the Stata 13 statistical software package (StataCorp, 2013) was
used. For the creation of heatmaps from microarray data, the
average linkage clustering with Euclidean distance clustering
method implemented in Heatmapper (http://heatmapper.ca/)
was utilized.

Pathway Enrichment Analysis
To assign biological role(s) to the genes under study that are
associated with biological pathways, gene set enrichment analysis
(GSEA), or functional enrichment analysis, was conducted.
GSEA is a method to identify biological processes or pathways
that are over-represented in a large set of genes. To this
end, WebGestalt (WEB-based GEne SeT AnaLysis Toolkit)
(Zhang et al., 2005; Liao et al., 2019) was employed to identify
statistically significant over-represented WikiPathways (Kutmon
et al., 2016) cancer terms in the sets of genes; the threshold for
the FDR-corrected p-value was set at 10−3 , and hypergeometric
distribution analysis was used.

Functional Interactions Networks
The associations among the molecules under study were
investigated and visualized with the usage of STRING
(Search Tool for Retrieval of Interacting Genes/Proteins)
v11.0 (Szklarczyk et al., 2019), a database of either known or
predicted, direct or indirect, gene/protein associations derived
from diverse resources. The highest confidence interaction
score (≥0.9) was chosen to display the associations amongst
genes/proteins in the generated network.

RNA-Seq-Based Transcriptomic Data
Analysis
For the RNA-Seq based transcriptome analysis, the following
pipeline was utilized. The FASTQ files were extracted from
the respective Sequence Read Archive (SRA) files containing
raw RNA-Seq reads by using the SRA Tool Kit v.2.9.0
(Alnasir and Shanahan, 2015) with the “fastq-dump –gzip –
skip-technical –readids –dumpbase –clip –split-3” command.
The raw RNA-Seq reads in FASTQ files were aligned to the
human reference genome GRCh38 (Ensembl version 97) by
employing the splice junction aligner HISAT2 v.2.1.0 (Kim et al.,
2015) with “hisat2 -p -dta -x {input.index} -U {input.fq} -S
{out.sam}” parameters. The generated SAM file was converted
to the respective binary BAM file by using SAM Tools v.1.9.0
(Li et al., 2009) with “samtools sort -@ 10 -o {output.bam}
{input.sam}” commands. String Tie v.1.3.5 (Pertea et al., 2015)
was utilized with “stringtie -e -B -p -G {input.gtf} -A {output.tab}
-o {output.gtf} -l {input.label}{input.bam}” parameters for the
measurement of gene expression levels. The reconstructed
transcripts and transcript abundances were reported in the
output GTF file. In order to detect differentially expressed
genes between RR and RS samples, we utilized the EdgeR
package v3.28.0 (Robinson et al., 2010) of the R statistical
computation environment v.3.6.1 (https://www.r-project.org).
We firstly applied the trimmed mean of M-values (TMM)
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Survival Analysis
The prognostic potential of the 36 radiogenes was investigated
in three types of cancers, namely, breast invasive carcinoma
(BRCA), colon adenocarcinoma (COAD), and acute myeloid
leukemia (LAML), a type of haematologic cancer like ALL,
through the web-based tool GEPIA (Gene Expression Profiling
Interactive Analysis) (Tang et al., 2017) version 2 (http://
gepia2.cancer-pku.cn/#index), based on data acquired from The
Cancer Genome Atlas (TCGA) (https://tcga-data.nci.nih.gov).
The cancer patient cohort is divided into the high-risk and lowrisk categories; the cut-offs for low and high gene expression level
patient cohorts were set at 50%.

Tissue-Wise Differential Gene Expression
Analysis
GEPIA2 (Tang et al., 2017), which contains gene expression
data from cancer and corresponding normal tissues from
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FIGURE 1 | Flowchart diagram of the overall methodology employed in this study. Three eligible transcriptome datasets were retrieved from NCBI’s GEO. Genes
differentially expressed (DEGs) between the radioresistant and radiosensitive cancer cells were identified per dataset. The DEGs of the three analyzed datasets were
integrated and compared with an earlier own study on cancer cell radioresistance-related genes/proteins derived from literature research. Functional enrichment
analysis of the common genes was performed to obtain the so-called “radiogenes”.

pathways is also greater in this dataset (Figure 3). Three DDR/R
pathways were found to be enriched in the DEGs, including
the generic “DNA Damage Response” pathway. Two pathways
are specifically implicated in IR-induced DNA damage response,
namely “DNA IR-Double Strand Breaks (DSBs) and cellular
response via ATM,” and “DNA IR-damage and cellular response
via ATR.” Ataxia telangiectasia mutated (ATM) and ataxia
telangiectasia and Rad3-related (ATR) proteins are evolutionarily
conserved proteins that have a critical regulatory role in
DDR and maintenance of genome integrity (Marechal and
Zou, 2013; Awasthi et al., 2015). Furthermore, the “PI3KAKT-mTOR signaling pathway and therapeutic opportunities”
was shown to be over-represented in the set of DEGs;
increased activity of PI3K in the radioresistant cells of this
transcriptome dataset was also observed by Gray et al. (2019).
Phosphatidylinositol-3-kinase (PI3K)/AKT/mammalian target of
rapamycin (PI3K/AKT/mTOR) signaling is critical to many
aspects of tumor cell growth and survival (Porta et al., 2014) and
therefore could be likely involved in the survival of irradiated
cancer cells.
Differential expression analysis was also carried out of the
irradiated COAD cells in the GSE97543 dataset (Emons et al.,
2017). A total of six samples were compared; three biological
replicates for the wild-type (radiosensitive) cell lines and three
for the radioresistant cells (Supplementary Table 1). The notch
signaling pathway is significantly over-represented (Figure 3)
in the DEGs of this dataset (Supplementary Table 2). Notch
signaling is suggested to confer a selective survival advantage
on tumors (Capaccione and Pine, 2013). Hence, the Notch
network could be implicated in the resistance and survival of
the COAD cells to irradiation. Regarding the over-represented
DDR/R pathways, one pathway is related to processing IRinduced DNA lesions through ATR signaling and the other
to mismatch repair (MMR), which is responsible for detecting
and repairing mismatched nucleotides (Iyer et al., 2006; Larrea
et al., 2010). MMR reaction is initiated by binding of the MSH2
(MutS homolog 2)/MSH6 heterodimer to the mismatched DNA;
both MSH2 and MSH6 were found differentially expressed in
the radioresistant COAD cells. The MutS homologs MSH2 and
MSH6 form a heterodimer that binds to short insertion/deletion

TCGA (https://tcga-data.nci.nih.gov) and the Genotype-Tissue
Expression (GTEx) (https://gtexportal.org/home/), respectively,
was used to investigate the differential expression patterns of the
radiogenes under study in BRCA, COAD, and LAML cancernormal tissue; |logFC| ≥ 2 and FDR-corrected p-value ≤ 0.05.

RESULTS
The overall procedure for data collection and analysis followed in
the present study is described illustratively in Figure 1.

Identification of Differential Expression
Patterns in Radioresistance vs.
Radiosensitive Cancer Cells
The two techniques for transcriptome profiling, RNA-Seq
and microarray, have large inherent differences. RNA-Seq is
considered “superior” since it allows the detection of low
abundance transcripts and novel transcript isoforms (Marioni
et al., 2008). For this reason, we applied different statistical
methods for RNA-Seq (Li, 2019) and microarray (Kontou et al.,
2018) data processing and analysis.
The number of differentially expressed genes (DEGs) found
between radioresistant and radiosensitive cancer cells (Figure 2)
for each dataset is 6372 (GSE120798), 782 (GSE13280), and
541 (GSE97543), respectively (Supplementary Table 2). The
pathways over-represented in the DEGs of the three datasets are
related primarily to DDR/R and cell survival (Figure 3).
Differential gene expression analysis was performed for the
three parental breast cancer cell lines in GSE120798 (Gray
et al., 2019) against their radioresistant derivatives, to identify
those genes that are significantly dysregulated in response to
radiation stress. A total of 11 samples were compared; one
biological replicate for each condition (Supplementary Table 1).
The number of detected DEGs (Gray et al., 2019) is remarkably
higher as compared to the ones derived from microarray gene
expression data (Supplementary Table 2). This discrepancy is
likely due to the ability of RNA-Seq to detect and quantify,
even rare, transcripts without a priori knowledge of a given
gene (Metzker, 2010). Accordingly, the number of enriched
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significant clustered DNA damages, as well as the execution of
apoptosis induced by IR (Holt et al., 2009).
In GSE13280 (Marston et al., 2009), the gene expression
profiles of radioresistant and radiosensitive ALL cell lines
(eleven replicates for each condition) were compared
(Supplementary Table 1) for the identification of DEGs
(Supplementary Table 2). The enriched transforming growth
factor beta (TGFB) signaling pathway (Figure 3), like the
Notch network (Capaccione and Pine, 2013), is implicated in
several aspects of cancer initiation, promotion, and progression
(Syed, 2016). Hence, the Notch- and TGFB-mediated signaling
pathways might render ALL cells less vulnerable to IR-induced
apoptosis by exerting their cellular pro-survival effect.

Identification of Cancer Cell
Radioresistance–Related Genes
The procedure we followed to identify an optimal number
of cancer cell radioresistance–related genes is illustrated
in Supplementary Figure 1. A list of 175 bio molecules
(Supplementary Table 3) was proposed in a previous study
by Pavlopoulou et al. (2017) to be implicated in tumor cell
radioresistance. These genes/proteins were manually collected
through a comprehensive and thorough literature search.
The DEGs identified in each of the three transcriptome
datasets were merged; a list of 7,185 genes was compiled
(Supplementary Table 3). Those genes were compared to the
literature-derived molecules, and 88 genes were found in
common (Supplementary Table 3). In order to identify an
optimal number of genes implicated in radioresistance, we
performed functional enrichment analysis of these genes. The
pathways over-represented in the 88 genes (Figure 4) are related
to DDR/R, similar to those detected in the DEGs of the
individual datasets (Figure 3), as well as to apoptosis. Signaling
pathways mediated by the cardinal tumor suppressor TP53 are
also related to radioresistance (Figure 4). Collectively, 36 genes
were found to be implicated in cancer-associated biological
pathways listed in Table 1, 26 of those up-regulated and 10
down-regulated in RR cancer cells. The products of the 36 genes
also form a highly connected network (Figure 5), with highconfidence interactions, suggesting that these proteins associate,
either functionally or physically, to confer cellular resistance
to IR. Therefore, we propose 36 interconnected pivotal genes,
henceforth referred to as “radiogenes,” which participate in
radioresistance-relevant pathways and mechanisms.
FIGURE 2 | Heatmap representing color-coded expression levels of DEGs for
the datasets (A) GSE120798 (breast cancer), (B) GSE13280 (ALL), (C)
GSE97543 (COAD); columns correspond to samples and rows correspond to
genes. RR, Radioresistant; RS, Radiosensitive.

Differentially Expressed Radiogenes in
Cancer vs. Normal Tissue
Collectively, 19 radiogenes, found to be differentially expressed
in the three radioresistant vs. the radiosensitive cancer cell lines
(Table 1), are consistently deregulated in their corresponding
cancer-matched normal tissues with the same direction (i.e.,
up- or down-regulated) (Supplementary Figure 2). This finding
could be utilized in personalized tumor treatment for the selective
eradication of cancer cells by applying radiotherapy without
harming the adjacent healthy tissue at the same time.

DNA mispairs (Habraken et al., 1996; Edelbrock et al., 2013).
The MMR proteins also function in signaling DNA damage
(Duckett et al., 1996b; Modrich, 1997). Earlier studies have shown
that MSH2 is also involved in the processing of the biologically
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FIGURE 3 | Distribution of the over-represented cancer-related WikiPathways in the DEGs of each transcriptome dataset. The enriched pathways are indicated
by gray.

FIGURE 4 | Donut chart depicting the over-represented cancer-relevant pathways across the 88 common genes.

Radiogenes Are Potential Cancer
Prognostic Markers

activation of cell survival signaling pathways, inhibition of
apoptotic pathways, and induced autophagy.
DDR/R is a complex entangled process consisting of
recognition (or detection, or sensing), signaling, and repair of
DNA damage (Rouse and Jackson, 2002). Ionizing radiation
usually generates a variety of DNA lesions, including abasic
(apurinic/apyrimidinic) sites, oxidized bases, crosslinks between
thymine and cytosine bases, DNA single-strand breaks (SSBs),
and DNA double-strand breaks (DSBs) (Sutherland et al., 2000).
In the case of SSBs, only one strand of the double stranded
DNA helix is severed. SSBs are recognized and processed by
base excision repair (BER) and nucleotide excision repair (NER)
mechanisms (Caldecott, 2008). DSB is the most detrimental type
of DNA lesions since both strands of the double helix are broken.
DSBs are repaired mainly through homologous recombination
(HR) if cells are present in the S/G2 cell-cycle phase or, the less
accurate, non-homologous end joining (NHEJ) (Budman and
Chu, 2005). Those different types of DNA lesions can be formed

The differential expression of the radiogenes can also predict the
clinical outcome of cancer patients. In particular, a statistically
significant association was found between CHEK1, MAP2K1, and
PLK1 overexpression and worse overall survival in breast invasive
carcinoma patients, indicated by pooled hazard ratio (HR) values
higher than 1 and p-values lower than 0.05. Conversely, a
significant relationship was observed between high expression
of NFKBIA, which is otherwise underexpressed in radioresistant
breast cancer cells, and favorable prognosis, indicated by an HR
value < 1 (Supplementary Figure 3).

DISCUSSION
Cancer cells confer resistance to irradiation through diverse
mechanisms including enhanced DNA damage repair capacity,
Frontiers in Cell and Developmental Biology | www.frontiersin.org
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clustered damaged sites is quite challenging since the presence
of a lesion in one strand can delay significantly the simultaneous
processing of another lesion on the complementary strand.
Furthermore, OCDLs can be rapidly converted into de novo DSBs
by a DNA glycosylase during the repair. As a result, unrepaired
MDS can lead to increasing levels of genotoxic damage, triggering
also systemic responses (Nikitaki et al., 2016). Clustered DNA
lesions, if not properly processed, could contribute to increased
genomic instability in the form of chromosomal aberrations
(e.g., deletions and inversions) and microsatellite instability,
leading eventually to carcinogenesis. Therefore, the induction of
clustered DNA damage increases the cytotoxic effect of radiation,
especially in highly proliferating cancer cells. Radioresistant
cancer cells though can counteract this effect through their
ability to respond to and repair complex/clustered DNA damage
more efficiently without avoiding necessarily increased genomic
instability, as compared to their radiosensitive counterparts
(Hada and Georgakilas, 2008; Georgakilas et al., 2013; Mavragani
et al., 2017, 2019; Bukowska and Karwowski, 2018). The
radiogenes identified in the present study are implicated in
diverse mechanisms underlying the acquisition of radioresistance
in cancer cells.
Among the 36 “radiogenes”, ATM, BRCA1/2, CHEK1,
CCND1, MSH2, NBN, PARP1, PLK1, PRKDC, and RNF8,
which are consistently up-regulated across the radioresistant
cancer cell lines (Table 1) and the corresponding cancer tissue
(Supplementary Figure 2), are crucially implicated in different
stages of DDR/R. In particular, ATM plays a protagonistic role
in the initial stage of DDR/R, that is, DNA damage detection
and stress-response signaling (Iliakis et al., 2003; Yang et al.,
2004). ATM signaling is activated by a wide variety of DNA
lesions, as well as DNA replication stress (Marechal and Zou,
2013; Burger et al., 2019). Mutations in ATM result in the genetic
disorder ataxia-telangiectasia (AT), which is characterized by the
high sensitivity of AT patients to IR and cancer predisposition
(Gatti et al., 1988). Checkpoint kinase 1 (CHEK1), which acts
downstream of ATM, is a core regulator of cell cycle checkpoint
signaling in DNA damage response (Flaggs et al., 1997; Patil et al.,
2013). Cyclin D1 (CCND1) was demonstrated to induce postDNA damage cell cycle arrest and apoptosis in different types
of cancers (Cai et al., 2012; Smith et al., 2016). PRKDC is a
serine/threonine DNA-activated protein kinase involved in DSB
recognition and DNA damage repair through NHEJ (Soubeyrand
et al., 2003). Notably, ATM and PRKDC were found to affect
greatly cancer cell response to IR through genome-wide genetic
screening in a recent study by Francica et al. (2020). Moreover,
BRCA1 and BRCA2 are largely involved in cell cycle control and
maintenance of genomic stability in response to DNA damage
(Deng, 2006; Gudmundsdottir and Ashworth, 2006). Another
radiogene, NBN (nibrin), encodes one of the three components of
the MRN complex (MRE11A-RAD50-NBN), which is implicated
in the recognition and repair of DSBs (Lamarche et al., 2010).
NBN is mutated in patients with Nijmegen breakage syndrome
(NBS), and cells from NBS patients are hypersensitive to IR
(Taalman et al., 1983). In addition, a functional link between
ATM and NBN proteins has been demonstrated by Zhao et al.
(2000). Also, the MMR protein MSH2 (MutS homolog 2) is

TABLE 1 | Gene symbol and expression status of the 36 differentially expressed
radiogenes (radioresistant vs. radiosensitive cancer cells).
Gene

Expression status

Cell line

AKT1

Up

BC

ATM

Up

BC

BAX

Down

BC; ALL

BBC3

Down

BC

BCL2

Up

BC

BIRC5

Up

BC

BRCA1

Up

BC

BRCA2

Up

BC

CASP3

Down

BC

CCND1

Up

BC

CHEK1

UP

BC

EGLN1

Up

BC

HIF1A

Up

BC; ALL

JAK1

Down

BC

JUN

Up

BC

MAP2K1

UP

BC

MAP2K2

Up

BC

MCL1

Up

BC

MSH2

Up

BC; COAD

NBN

Up

BC

NFKB1

Up

BC

NFKBIA

Down

BC

PARP1

Up

BC

PLK1

Up

BC

PMAIP1

Down

BC

PRKDC

Up

BC

PTEN

Down

BC

RELA

Up

BC

RNF8

Up

BC

SOD2

Up

BC; ALL

STAT1

Down

BC

STAT3

Up

BC

TERF2

Up

BC

TP53

Down

BC

UBE2D3

Down

ALL

XIAP

Up

BC

ALL,
acute
lymphoblastic
leukemia;
BC,
breast
cancer;
COAD,
colorectal adenocarcinoma.
Those radiogenes found to be differentially expressed between TCGA-derived cancer
tissue and corresponding GTEx matched normal tissue are italicized.

either separately or in close vicinity (a few nm), resulting in
clustered DNA lesions or locally multiply damaged sites (MDS).
Clustered DNA damage, the hallmark of IR, is considered the
most severe type of genomic damage because of its complexity.
This complex DNA damage includes both DSBs and nonDSBs, usually referred to as oxidatively-clustered DNA lesions
(OCDLs), occurring within a DNA region of 15–20 bp. The
corresponding DNA damage repair mechanisms are recruited
by the cell in response to clustered damaged sites. However,
harnessing the corresponding DNA repair machinery to the
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FIGURE 5 | STRING interaction network of the products of the 36 radiogenes. The nodes represent proteins and the edges indicate different modes of interactions
with a confidence score ≥ 0.9.

suggested to contribute to radioresistance via SSB processing (Li
et al., 2016). Moreover, RNF8 (ring finger protein 8) protein
catalyzes the mono-ubiquitination of histones H2A and H2B
during DNA damage, thereby facilitating DNA damage repair
and activation of cell cycle checkpoint (Kolas et al., 2007;
Ma et al., 2011); RNF8 is associated with radioresistance in
human nasopharyngeal cancer cells (Wang et al., 2015). The
protein encoded by the radiogene PLK1 (Polo-like kinase 1)
is involved in cell cycle resumption following DNA damageinduced checkpoint arrest (Hyun et al., 2014; Bruinsma et al.,
2017). It has been demonstrated that inhibition of PLK1 renders
glioblastoma and non-small cell lung cancer cells sensitive to IR
(Pezuk et al., 2013; Van den Bossche et al., 2019). Of particular
note, pharmacological inhibitors of the BER enzyme PARP1
[poly(ADP-ribose) polymerase 1], such as niraparib, olaparib,
and rucaparib, are widely used for targeted cancer therapy (Sulai
and Tan, 2018; Patel et al., 2020). Importantly, CHEK1 and PLK1
were found to be poor prognostic biomarkers for the survival
of breast cancer patients (Supplementary Figure 3), further
supporting that enhanced DNA damage repair mechanisms
in cancer cells play a catastaltic role in efficient radiotherapy
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(Pavlopoulou et al., 2016, 2017). Therefore, DDR/R might
represent a primary “danger” signal, leading eventually to the
activation of downstream signaling cascades and pro-survival
mechanisms (Nikitaki et al., 2015).
The apoptotic pathway is also affected by the cellular response
to radiation-induced genomic damage in cancers, as we suggest
in this study. Radioresistant cancer cells have developed the
ability to evade apoptosis prompted by their response to extreme
and repair-resistant DNA damage, mainly due to deregulation
of key pro-apoptotic molecules like TP53 (Fridman and Lowe,
2003; Haupt et al., 2003), PTEN (Lu et al., 2016), PMAIP1
(mediator of damage-induced p53-mediated apoptosis) (Oda
et al., 2000), BBC3 (TP53-upregulated modulator of apoptosis)
(Han et al., 2001; Nakano and Vousden, 2001), BAX (BCL2associated X protein) (Pawlowski and Kraft, 2000), as well as
anti-apoptotic proteins like MCL1 (Fujise et al., 2000; Glaser
et al., 2012), BCL2 (Akl et al., 2014), BIRC5 (Chiou et al.,
2003), and XIAP (X-linked inhibitor of apoptosis) (Duckett
et al., 1996a; Deveraux and Reed, 1999). In a consistent manner,
in this study, the pro-apoptotic genes were shown to be upregulated, whereas the anti-apoptotic genes are down-regulated
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in radioresistant cancer cells (Table 1). Of those, BCL2, which is
down-regulated in radioresistant breast cancer cells and tissue
(Table 1, Supplementary Figure 2), can suppress apoptosis by
inhibiting the activity of caspases indispensable for apoptosis,
such as caspase-3 (CASP3) (Porter and Janicke, 1999; Swanton
et al., 1999). Of note, aberrant activation of the Notch signaling
pathway was demonstrated to inhibit TP53-mediated damage
response and promote breast carcinogenesis by preventing
apoptosis (Stylianou et al., 2006), suggesting a link between prosurvival and apoptotic mechanisms. PTEN was also found to
promote apoptosis and cell cycle arrest via PI3K/AKT-dependent
and -independent signaling (Weng et al., 2001).
The radiogene NFKB1, which transactivates several proinflammatory genes (Liu et al., 2017), was found to be
overexpressed in radioresistant breast cancer cells and tissue
(Table 1, Supplementary Figure 2). Furthermore, the members
of the NFKB1 family, NFKBIA and RELA, can act either as
inducers or inhibitors of apoptosis, respectively (Sonenshein,
1997; Barkett and Gilmore, 1999), consistent with their
expression status in RR cells (Table 1; over- and underexpressed). The well-known NFKB1 inhibitor alpha (NFKBIA)
was shown to be a favorable predictor in breast cancer patients
(Supplementary Figure 3). Moreover, NFKB1, together with
the inflammatory factors HIF1A (hypoxia-inducible factor 1)
and STAT3, both of which were found to be up-regulated
in radioresistant breast cancer cells (Table 1) and HIF1A
overexpressed in breast cancer tissue (Supplementary Figure 2),
are critically implicated in cancer radioresistance and radiationinduced inflammatory responses (Multhoff and Radons, 2012).
On the other hand, STAT1, found down-regulated in the
same cell lines (Table 1), as opposed to STAT3, elicits proapoptotic and anti-proliferative responses and promotes anticancer immunity (Avalle et al., 2012).
Suppression of UBE2D3, which is down-regulated in
radioresistant ALL cells (Table 1), was demonstrated in a study
by Wang et al. (2013) to decrease radiosensitivity of human breast
cancer cells by promoting telomere maintenance. In addition,
UBE2D3 is negatively correlated with TERF2 (telomeric repeat
binding factor 2), the latter of which is primarily involved in
telomere maintenance (Kim et al., 2009) and is down-regulated
in radioresistance (Table 1).
Radiation can also exert its genotoxic and cytotoxic effects
through the indirect and systemic induction of severe oxidative
stress and the production of ROS in the organism (Kryston
et al., 2011). The radiogene HIF1A plays a pivotal cytoprotective
role against oxidative stress (Li et al., 2019) by inhibiting
autophagy and cell death (Pouyssegur et al., 2006). Moreover,
the superoxide scavenging enzyme SOD2 (superoxide dismutase
2), found overexpressed both in radioresistant breast cancer
and ALL cells (Table 1), at normal expression levels provides a
cytoprotective effect. Thus, SOD2 can likely exert a protective
effect on RR cancer cells by controlling potential ROS-mediated
DNA damage via catalyzing the reduction of superoxide into less
genotoxic molecules like oxygen (Wang et al., 2018).
Notably, in this study, pro-survival pathways (Figure 3) like
Notch signaling, were found to be implicated both in solid
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and blood cancers, probably by mediating survival of cancer
cells to radiation-induced clustered/complex DNA damage
(Marston et al., 2009; Capaccione and Pine, 2013). Moreover,
the PI3K/AKT/mTOR signaling pathway is suggested to be
important in regulating cell survival in response to different
types of cellular stress (Hung et al., 2012; Porta et al.,
2014), including genotoxic stress. Hence, pro-survival pathways
could be considered as potential therapeutic targets in cancer
(Porta et al., 2014).
A major limitation of this study, particularly for the two solid
cancers datasets, is the lack of patient-derived tumor tissue, as
well as cancer stem cells, which constitute a subpopulation in
solid tumors that display stem-like characteristics (Pavlopoulou
et al., 2016). Instead, the respective experimental studies relied
on the use of commercial cancer cell lines; of particular note,
the ALL cells were derived from “real” patients. However, the
extent to which the individual cancer cell lines can capture the
cellular and genomic complexity of tumors is questioned. Further
research is needed to determine whether the results derived
from the cancer cell lines investigated in this study or other
studies could be extrapolated to their corresponding tissues of
origin, like breast tumor tissue and colorectal adenocarcinoma.
Nevertheless, it is suggested that large panels of cancer cell
lines can faithfully capture the genomic heterogeneity of cancers
(Sakellaropoulos et al., 2019; Vougas et al., 2019). Beyond the
discussed limitations, the over- or under-expressions of the
radiogenes in radioresistant phenotypes have been verified, to a
great extent, by independent experimental biochemical studies
available in the literature. In addition, the clinical implications of
those genes are further supported by the patient survival results
(Supplementary Figure 3).

CONCLUSION
In the present study, we employed an integrative bioinformatics
approach to analyze transcriptomic data regarding the molecular
determinants of cancer cell radioresistance. On the basis of our
findings, both solid and hematologic cancer cells likely depend
on similar mechanisms to confer resistance to IR (i.e., DDR/R
and cell survival). Moreover, we identified 36 functionally
associated radiogenes that participate in radioresistanceassociated pathways. Most of those radiogenes were also shown
to be differentially regulated in the corresponding cancer tissues.
Moreover, several of the radiogenes were found to have potential
prognostic value for the clinical outcome of cancer patients.
However, the availability of clinically derived cancer tissues
would provide a more reliable source for conducting research
on the response of cancer patients to radiation. The overall
data presented herein can be particularly useful for clinicians in
selecting suitable targets (e.g., DDR/R inhibitors) for appropriate
combination therapy using IR. In conclusion, we suggest that
this bioinformatics premise can be harnessed as a first step
in the rational design of in vivo experimental studies or in
personalized medicine for optimizing tumor response and
cancer cell susceptibility to therapeutic ionizing radiation and
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SUPPLEMENTARY MATERIAL

reduction of the total effective radiation dose administered to
the patient.

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fcell.2021.
620248/full#supplementary-material
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Competing endogenous RNAs (ceRNA) are transcripts that communicate with and coregulate each other by competing for the binding of shared microRNAs (miRNAs). Long
non-coding RNAs (lncRNAs) as a type of ceRNA constitute a competitive regulatory
network determined by miRNA response elements (MREs). Mutations in lncRNA MREs
destabilize their original regulatory pathways. Study of the effects of lncRNA somatic
mutations on ceRNA mechanisms can clarify tumor mechanisms and contribute to
the development of precision medicine. Here, we used somatic mutation profiles
collected from TCGA to characterize the role of lncRNA somatic mutations in the ceRNA
regulatory network in 33 cancers. The 31,560 mutation sites identified by TargetScan
and miRanda affected the balance of 70,811 ceRNA regulatory pathways. Putative
mutations were categorized as high or low based on mutation frequencies. Multivariate
multiple regression revealed a significant effect of 162 high-frequency mutations in six
cancer types on the expression levels of target mRNAs (ceMs) through the ceRNA
mechanism. Low-frequency mutations in multiple cancers perturbing 1624 ceM have
been verified by Student’s t-test, indicating a significant mechanism of changes in the
expression level of oncogenic genes. Oncogenic signaling pathway studies involving
ceMs indicated functional heterogeneity of multiple cancers. Furthermore, we identified
that lncRNA, perturbing ceMs associated with patient survival, have potential as
biomarkers. Our collective findings revealed individual differences in somatic mutations
perturbing ceM expression and impacting tumor heterogeneity.
Keywords: ceRNA, somatic mutation, prognosis, functional analysis, oncogenic pathway

INTRODUCTION
In recent years, novel, post-transcriptional regulatory mechanisms of competing endogenous
RNAs (ceRNAs) have been revealed. RNA molecules, including messenger RNAs (mRNAs),
long noncoding RNAs (lncRNAs), circular RNAs, and pseudogene transcripts, can function as
competing endogenous RNAs (ceRNAs) to indirectly regulate the expression of relevant target
genes by competing with each other for microRNAs (miRNAs) (Salmena et al., 2011). These
ceRNAs harbor miRNA response elements (MREs) that bind to miRNA through complementary
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(mRNA) that were validated using established experimental
methods including the luciferase reporter assay, PCR, and
western blotting were collected from miRTarBase (Chou et al.,
2018) V8.04 . Hallmark (Hanahan and Weinberg, 2011) gene sets
were collected from the Molecular Signatures Database (MSigDB
Liberzon et al., 2011)5 .

sequences and can induce degradation or inhibition of the
expression of target genes. In addition, the combination of
miRNAs and target genes was a complex network; one miRNA
can regulate multiple genes and one gene can be regulated by
multiple miRNAs.
LncRNAs were once regarded as byproducts of gene
transcription (Quinn and Chang, 2016). However, they are
crucial in post-transcriptional regulation through the ceRNA
mechanism (Chen et al., 2019) and are dramatic factors that
contribute to biological growth and development, aging, diseases,
and multiple cancers (Rinn and Chang, 2012; Schmitt and Chang,
2016). For example, MALAT1, which is highly expressed in
most cancers, regulates the cell cycle (Tripathi et al., 2013), and
PCA3 is an important molecular marker in the early stage of
cancer (Lemos et al., 2019). Somatic mutations, which occur
in cells other than germ cells and are not inherited, are the
substantial cause of most tumors (Jia and Zhao, 2017). Mutation
in an miRNA response elements (MRE) of lncRNA can weaken,
enhance, or prevent binding to the original miRNA, resulting
in an imbalance in the ceRNA regulatory network and altered
expression of the relevant target genes (Thomas et al., 2011;
Thomson and Dinger, 2016).
The development of sequencing technologies has enabled
the identification of somatic mutations associated with tumors
(Martincorena and Campbell, 2015). Genetic variations affecting
miRNA gene expression have been described (Civelek et al., 2013;
Siddle et al., 2014), as has the expression of coding genes whose
30 untranslated regions are targeted by miRNAs (Gamazon et al.,
2012; Lu and Clark, 2012). Genetic polymorphisms affecting the
regulation of human ceRNAs have been reported (Li M. J. et al.,
2017). However, few studies have explored the effects of somatic
mutations on ceRNA mechanisms.
Here, we used mutation and RNA-seq profiles from The
Cancer Genome Atlas (TCGA) (Tomczak et al., 2015) database
to conduct a systematic investigation concerning the effects
of lncRNA mutations on the expression of target mRNAs via
the ceRNA mechanism in pan-carcinoma. We also studied the
impact of significant mutations on oncogenic mechanisms and
patient survival.

Construction of Somatic
Mutation-miRNA-lncRNA (ceL)-mRNA
(ceM) Unit
Among the numerous somatic mutations in the pan-cancer
genome, lncRNA mutations was the focus of this study. We,
respectively, define the lncRNA and mRNA involved in the
ceRNA regulatory mechanism as ceL and ceM. Sequences
approximately 7 nucleotide (nt) upstream and downstream of
the lncRNA somatic mutation sites were extracted using the
lncRNA annotation from GENCODE, which will be used to
construct mutation and control sequences. Considering that the
TargetScan (Friedman et al., 2009) software does not recognize
short sequences, it was necessary to extract longer upstream
nucleotide sequences (14 nt) to offset this impact. TargetScan
and miRanda (Betel et al., 2008) (e.g., the miRanda algorithm)
are miRNA target gene prediction tools, and therefore were used
to predict the miRNA-target relationships of control sequences
with strict thresholds of score > 160 and energy < −20 for
miRanda and context score < −0.4 for TargetScan. We defined
the lncRNA and mRNA involved in the imbalance of ceRNA
regulatory mechanism as ceL and ceM, respectively. We selected
“mutation-miRNA-lncRNA (ceL)” units with varying binding
affinities between the mutation and control sequences, and
regarded loss, down, gain, and up as the four conditions of altered
lncRNA and miRNA binding affinity (Li M. J. et al., 2017). We
further searched for candidate mRNAs (ceMs) controlled by the
same miRNA from the miRNA-target gene data of miRTarBase
as the last element to construct the somatic mutation-miRNAceL-ceM (SMILM) unit. In this context, “putative mutations”
are defined as mutations effecting original ceRNA regulation
mechanism. This definition has been used in a previous study
of genetic associations with ceRNA regulation in the human
genome (Li et al., 2020).

MATERIALS AND METHODS

Classification and Definition of
Mutations

Data Collection

Somatic mutations do not occur frequently. We defined a site
at which at least two samples displayed a mutation as a highfrequency (HF) mutation site. The remaining mutations were
defined as low-frequency (LF) mutation sites. The altered binding
affinity of lncRNA and miRNA binding was divided into four
states (gain, up, loss, and down). Gain, up, loss, and down were
scored as +1, +0.5, −1, and −0.5, respectively. The functional
score of each mutation was calculated by summing the states of
all mutated miRNAs associated with it. For LF mutations, we
focused on the mRNAs (ceMs) affected by somatic mutations

Information concerning RNA-seq and somatic mutation profiles
of 33 cancers were obtained from The Cancer Genome Atlas
(Tomczak et al., 2015) (TCGA)1 database. The GRCh38 v29
version of the human genome annotation data from GENCODE
(Harrow et al., 2012)2 , including the position and sequence
information of lncRNAs, was used to annotate somatic mutation
profiles. Sequences of miRNA and annotation information were
obtained from the miRBase (Kozomara and Griffiths-Jones,
2014)3 database. Interaction data of miRNA and target genes
1

https://portal.gdc.cancer.gov/
https://www.gencodegenes.org/
3
http://www.mirbase.org/ftp.shtml
2
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2003) to visualize this regulatory relationship in significant
SMILM units [mutations-miRNA-lncRNA (ceL)-mRNA (ceM)]
(Long et al., 2019).

through ceRNA regulatory mechanisms. The possible expression
tendency of the mRNA was defined as “up” means that the sum
of the mutation scores that regulate this mRNA is greater than
zero, “down” means the opposite of “up,” and “none” means
that the sum of the mutation scores that regulate this mRNA
is equal to zero.

Functional Enrichment Analysis
Connecting Oncogenic Signaling
Pathways

Multivariate Multiple Regression
Analyses

We obtained ceMs whose expression were significantly affected
by somatic mutations through the ceRNA mechanism. To
assess the role of these ceMs in various cancers, we used
the compareCluster function in the R package clusterProfiler
to perform functional analyses on multiple pan-cancer gene
sets, using threshold pvalueCutoff = 0.05. Seventeen oncogenic
signaling pathways (Malumbres and Barbacid, 2003; Reya and
Clevers, 2005; Wade et al., 2013; Moradi-Marjaneh et al.,
2018; Ayuk and Abrahamse, 2019; Soleimani et al., 2019,
2020) were collected from articles published between 2008 and
2019. The overlapping signal path was filtered out based on
enrichment results.

Different experimental tools were used for identification of
SMILM units mediated by HF mutations (HF-SMILM) and LF
mutations (LF-SMILM). In the HF-SMILM unit, multivariate
multiple regression models were used to validate whether the
expression level normalized by Fragments PerKilobase Million
(FPKM) of ceL and ceM conformed to target prediction results
(Valente et al., 2014). The fold-change values were used to
evaluate the extent of expression changes between two groups
of samples. For each SMILM unit, we considered the expression
levels of lncRNA (El) and mRNA (Em) as two independent
response variables. As a predictor, the genotype (Gt) of an
individual was used as the driving variable. Synergistic factors
such as the residual expression of miRNAs might also affect
the response variables. At the same time, we assumed that the
0
error vector ε = (ε1 , ε2 ) followed a multivariate Gaussian
distribution with an expected value of zero and an unknown
covariance matrix. The multivariate multiple regression model
constructed for the SMILM unit is:
(El, Em) = Gt + MIr + ε

Survival Analysis
We used the Cox proportional hazards model (Fisher and Lin,
1999) to estimate whether the expression of ceMs regulated
by lncRNA mutations according to the ceRNA mechanism
was related to patient survival. Hazard ratios (HRs) < 1 and
p < 0.05 indicated significant relationships between ceM and
reduced risk of death. An HR > 1 indicated the converse. Based
on the predicted results, each sample was categorized as one
of four types: including “None” means no mutation disrupts
the expression of the target gene, “Up-regulated” means the
presence of mutations that cause only upregulation of target gene
expression, “Down-regulated” means the presence of mutations
that cause only downregulation of target gene expression, and
“Unknown” means that both mutations resulting in up- and
down-regulation of the expression of the target gene are present.
The R package for survival was used to create survival curves
(Rich et al., 2010). The fitted results were visualized using a
ggsurvplot. A p-value < 0.05 was considered to represent a
significant difference in survival.

(1)

We used this equation to validate all the SMILM units. We
defined ηl and ηm as the regression coefficients of the driving
variable Gt. The influence of Gt changes on the expression of ceL
and ceM was quantified using the regression coefficients ηl and
ηm, and the statistical significance of the model was obtained.
Since ceL and ceM present a competitive relationship in the
ceRNA mechanism, we required that ceL expression changes
with genotype and ceM expression changes with genotype
followed opposite tendencies (ηl × ηm < 0, p−value < 0.05)
(Li M. J. et al., 2017).
LF-SMILM unit data were split based on the characterization
by ceM, obtaining the somatic mutations, lncRNA, miRNA,
and samples corresponding to each ceM. We divided cancer
samples into mutated and non-mutated samples according to
whether the sample had mutations that affected the expression of
specific mRNA (ceM) through the ceRNA mechanism. Student’s
t-test was used to compare the ceM expression changes in the
two categories of sample. The ceMs with p-value < 0.05 were
retained due to significant changes in their expression affected by
putative mutations.

RESULTS
Global Mutation Map Reveals
Heterogeneity of Different Tumors
We evaluated samples from the TCGA database collection
for which somatic mutation data were available, producing
a global map of somatic mutation sample distribution. The
map contained 7604 samples with lncRNA mutations in 10,489
samples from 33 cancers (Figure 1A and Supplementary
Table 1). We examined the distribution of mutations on
chromosomes. The lncRNA mutations in multiple cancer
types aggregated differently on chromosomes, especially in
kidney renal papillary cell carcinoma (KIPR), acute myeloid
leukemia (LAML), pheochromocytoma and paraganglioma
(PCPG), thymoma (THYM), and uveal melanoma (UVM),

Construction of ceRNA Regulatory
Network
In the SMILM unit validated by multivariate multiple
regression models, the mutated lncRNA (ceL), miRNA, and
target gene mRNA (ceM) constitute a two-level regulatory
relationship. Therefore, we used Cytoscape (Shannon et al.,
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FIGURE 1 | Landscape of somatic mutations across 33 cancer types. (A) Global map of lncRNA mutations in different tissues and cancers. (B) Bar plot of the
proportion of lncRNA mutations on each chromosome in multiple cancer types. Twenty-two pairs of homologous chromosomes and two sex chromosomes are
marked with distinct colors. (C) Samples with lncRNA somatic mutations are marked in red in 33 cancer type samples. The pie chart illustrates the proportion of
lncRNA mutations in all somatic mutations. (D) Average numbers of somatic mutations per sample on the entire genome and lncRNA are presented by line chart
across 33 cancer types.

(THCA) displayed large sample sizes but relatively few lncRNA
mutations, suggesting that mutations in lncRNAs have a strong
distribution preference among various cancers (Figures 1C,D).
LncRNA mutations had low frequencies in the range of 1 to 10%,
suggesting that the rates of lncRNA mutations vary among cancer
types (Supplementary Figure 1). These findings were consistent
with previous studies showing that mutation frequency fluctuates
significantly in pan-cancer, and that the mutation rate of some
cancers is greatly increased due to missing repair pathways or
chromosome integrity checkpoints (Martincorena and Campbell,
2015). We also assessed numbers of mutations per lncRNA in
cancer types. A set of lncRNAs with a high mutation frequency
was evident for multiple cancers (Supplementary Figure 2). The

compared to those in other tumors (Figure 1B). These findings
indicate that the distribution specificity of lncRNA mutations on
chromosomes may be the underlying cause of cancer functional
heterogeneity. Of all renal cell carcinoma subtypes, the KIPR
subtype of kidney cancer has different molecular characteristics
and poor survival (Cancer Genome Atlas Research Network,
Linehan et al., 2016; Ricketts et al., 2018). Lung adenocarcinoma
(LUAD) and lung squamous cell carcinoma (LUSC) lung cancer
subtypes displayed similar mutation distribution profiles on
chromosomes, suggesting that cancers in the same tissue site
have a similar distribution of mutations on chromosomes. Breast
invasive carcinoma (BRCA), kidney chromophobe (KICH),
kidney renal clear cell carcinoma (KIRC), and thyroid carcinoma
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six cancer types, including colon adenocarcinoma (COAD),
head and neck squamous cell carcinoma (HNSC), LUSC,
skin cutaneous melanoma (SKCM), STAD, and uterine corpus
endometrial carcinoma (UCEC), had putative HF mutations
that passed the regression test and identified 293 ceL and
ceM genes whose expression levels were significantly correlated
with genotypic changes (Figure 3A). Several factors affecting
the effectiveness of ceRNAs have been reported, including the
expression levels of miRNAs and ceRNAs, as well as binding
affinity to miRNA target sites (Ebert and Sharp, 2010; Mukherji
et al., 2011; Salmena et al., 2011). Since miRNA expression
variation has been considered in the regression model, we focused
on ceRNA-centric factors. We further required a consistent
direction between the regression coefficient ηl and the changes
in the functional prediction score from TargetScan and miRanda.
Accordingly, we redefined 162 SMILIM units, in which ceL
and ceM expression variations displayed opposite and consistent
orientations with the target prediction results (Figure 3A).
Among 742 putative transition and transversion mutations, 17
mutations were identified to disturb the ceRNA regulation.
In addition, three of 59 putative indel mutations were found
to disturb the ceRNA regulation. Compared to the original
HF mutations, the verified somatic mutations were drastically
reduced (Figure 3B). It is likely that ceM expression changes rely
not only on a minimal SMILM unit, but also on the interaction
of the ceRNA network and other regulatory factors, such as
transcription factors (TFs) and DNA methylation.
The majority of ηl and ηm were concentrated between −10
and 10 in the 162 significant SMILM units, suggesting an
important effect of these somatic mutations on ceM expression
and ceRNA regulation compared with genetic variation (Li M.
J. et al., 2017; Figure 3C). The mutation-ceRNA regulatory
relationship was a complex network, where a single mutation
affected the affinity to bind multiple miRNAs and thus
disturbed the expression of multiple mRNAs (Figures 3D,E
and Supplementary Figure 3). For example, an indel (chr17:
80340219C) of COAD enhanced the binding affinity of hsamiR-7110-5p in lncRNA AC124319.3 (ENSG00000280248; pvalue = 3.57E-3, ηl = -8.03), which competed with TPM3
(p-value = 6.43E-5, ηm = 0.79; Figures 3E,F). Further, onesample t-test confirmed that the expression levels of AC124319.3,
hsa-miR-7110-5p, and TPM3 in non-mutated samples were
statistically different from the average expression of mutant
samples (Figure 3G), suggesting that the expression level of
miRNA, as a key link with the ceRNA regulatory pathway,
is an important factor in identifying the imbalance in the
ceRNA mechanism. Taken together, these results suggest that
the presence of somatic mutations in lncRNAs could affects the
expression of target genes through a ceRNA regulatory pathway.

lncRNAs XIST, TTN-AS1, STRA6LP, and TSIX had high numbers
of mutations in most cancers, which play an important role in
the oncogenic mechanism. The lncRNA XIST can regulate X
chromosome silent transcription and act as an miRNA sponge
upregulating SOD2 to inhibit the development of non-small cell
lung cancer (Chen et al., 2016; Liu et al., 2019). TTN-AS1 is
an miRNA sponge that regulates cancer development through a
ceRNA mechanism (Wang Y. et al., 2020).

Significant Mechanism of lncRNA
Mutation Perturbing ceRNA Regulation
We developed a pipeline to assess the effect of somatic
mutations perturbing lncRNA-ceRNA regulation in pan-cancer
(Figure 2A). To examine the influence of lncRNA mutations
on miRNA binding sites according to TargetScan (Friedman
et al., 2009) and miRanda (Betel et al., 2008), we used pancancer mutation profiles from TCGA. In total, we identified
31,560 putative somatic mutation sites for 33 cancer types in
3,124 putative miRNA target genes (putative lncRNAs). These
mutated lncRNAs showed different binding affinities to 2437
miRNAs compared to wild type sequences across 33 cancers
(Figure 2B). Considering that the larger numbers of putative
mutations in several cancers are due to larger numbers of initial
mutations, the proportions of putative mutations compared with
the original lncRNA mutations were examined, which reflected
the contribution of the mutations-miRNA-ceRNA mechanism
in the carcinogenic process across the 33 cancers. PCPG,
which had lower number of mutations and average number of
mutations per sample, had the highest percentage of putative
lncRNA mutations to original somatic mutations on lncRNA
(Figure 2C), suggesting that the contribution of the mutationsmiRNA-ceRNA mechanism in the oncogenic process is not
determined simply by numbers of mutations. Next, for each
putative lncRNA (ceL), we found other experimentally verified
mRNAs (ceM) targeted by the same miRNA and established
a minimal miRNA-ceRNA regulation unit, which we termed
the somatic mutation-miRNA-ceL-ceM (SMILM) unit. Taken
together, these results reveal significant mechanisms by which
mutations perturb gene expression.
The frequency of somatic mutations is lower compared with
genetic variations, and an appropriate number of mutation and
control samples to explain the relationship between ceL and the
corresponding ceM expression in SMILM units is not available
(Li M. J. et al., 2017). Therefore, we defined mutations in at least
two samples of the same cancer as high-frequency mutations (HF
mutations, n = 831), and the rest as low-frequency mutations
(LF mutations, n = 32,823) (Figure 2D). For these two categories
of mutations, we separately applied multiple regression and
Student’s t-test to jointly model the contribution of mutations on
ceRNA expression variation (see section Materials and Methods).

Individual Differences in ceM Expression Variation
Produced by LF-Mutation

Statistical Identification Portrays ceRNA
Expression Fluctuation Landscape

For SMILM units disturbed by LF mutations, we focused on
the target ceMs determined by the operability of the experiment
and the important role of protein-coding genes in physiological
function. To assess the carcinogenic function of LF-SMILM units,
we extracted target ceMs involved in cancer hallmarks, which are

ceRNA Expression Variation Driven by HF-Mutation
Next, we used a regression model to examine the effect of HF
mutations on ceRNA expression levels. We found that only
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FIGURE 2 | Predicting somatic mutations on lncRNAs that potentially impact the ceRNA mechanism. (A) Workflow for SMILM unit construction, unit verification, and
functional pathway analysis. (B) Numbers of lncRNAs and miRNAs affected by somatic mutations in different cancers. (C) Numbers of putative somatic mutations in
SMILM units across 33 cancers is shown in a line chart. Proportions of putative mutations in each cancer type as a percentage of the original somatic mutations on
lncRNA are shown by bar plot. (D) Functional scores of putative mutations in each cancer. Blue, red, green, and purple denote numbers of samples in which a
particular mutation occurs.
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FIGURE 3 | Regression model to identify HF-SMILM units. (A) HF-SMILM units that passed one-step and two-step screening in six cancer types. Directions of
change in the expression of ceM in the HF-SMILM unit affected by the mutation are marked by blue and red. (B) Circle diagram of proportions of putative mutations
in these six cancers before and after the regression test. (C) Distribution of regression coefficients of ceL and ceM in the multiple regression analysis of the
HF-SMILM units. (D) Regulatory network of HF-SMILM units that passed regression test in LUSC. Unique identifiers used by nodes and interactions in the network.
(E) Same as in (D) but for HF-SMILM units that passed regression test in COAD. (F) Binding affinity changes of AC124319.3 and hsa-miR-7110-5p before and after
the chr17: 80340219 (C/–) mutation in AC124319.3. (G) The density curve reflects the distribution of genes expression for COAD and the average expression level of
the genes in the mutant sample was marked with a red line. The one-sample t-test was used to calculate statistical significance.
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protein kinase (MAPK) signaling pathway (Soleimani et al.,
2019), Ras signaling pathway (Malumbres and Barbacid, 2003),
Toll-like receptor (TLR) signaling pathway (Moradi-Marjaneh
et al., 2018), mammalian target of rapamycin (mTOR) signaling
pathway (Ayuk and Abrahamse, 2019), Wnt signaling pathway
(Reya and Clevers, 2005) and NF-kappa B (NF-kB) signaling
pathway (Soleimani et al., 2020). Regarding these oncogenic
signaling pathways, ceMs of UCEC, adrenocortical carcinoma
(ACC), and COAD function in the p53 signaling pathway,
ceMs of UCEC, and esophageal carcinoma (ESCA) function in
the Ras-MAPK and mTOR signaling pathways, and ceMs of
brain lower grade glioma (LGG), lymphoid neoplasm diffuse
large B-cell lymphoma (DLBC), LUSC, COAD, and UCEC
function in the PI3K-AKT signaling pathway (Figure 5D
and Supplementary Figure 6). These findings suggest that
pan-cancer ceMs regulate oncogenic signaling pathways in a
flexible manner with certain similarities. The ceMs in COAD
were mainly enriched in the p53, TLR, and NF-kB oncogenic
signaling pathways, which regulate cell cycle arrest, DNA repair,
apoptosis, proinflammatory effects, inflammation, and survival.
Furthermore, the ceMs in UCEC regulated cell cycle arrest
and apoptosis in the p53 pathway, proliferation and apoptosis
in the Ras-MAPK pathway, lipid biosynthesis and autophagy
in the mTOR pathway, and angiogenesis and DNA repair in
the PI3K-Akt pathway. These results indicate that pan-cancer,
where the same oncogenic pathways are regulated through
the mutations-miRNA-ceRNA mechanism, is heterogeneous
in specific functions. The MDM2 and MDM4 ceMs in COAD
and UCEC were found to be important for the stabilization
and activation of p53 and could serve as important targets for
anti-cancer therapy (Toledo and Wahl, 2007; Wade et al., 2010).
The NF-κB signaling pathway is a typical proinflammatory
signal transduction pathway and an important target for novel
anti-carcinogenic drugs (Lawrence, 2009). mTOR is critical in
the pathway and promotes cancer proliferation and metabolism
upon overactivation, which is also an important target for cancer
therapy (Tian et al., 2019). Taken together, these results suggest
that functional variations in pan-cancer that are disturbed by
somatic mutations through the ceRNA mechanism may lead to
tumor-specific phenotypes.

important biological processes in cancer development (Agarwal
et al., 2015). We divided the expression changes of the target
ceM into up, down, and none (Figure 4A, see Supplementary
Methods). Our data suggest that lncRNA mutations amplify and
depress the expression of protein-coding genes (ceMs) through
the ceRNA mechanism in multiple cancers to comprehensively
impact the carcinogenic process of the hallmarks.
We statistically verified the expression variation of hallmark
ceMs affected by LF mutations through the ceRNA mechanism.
We found that the expression levels of 1624 ceMs occurring
in 32 cancer types were significantly different between the
corresponding mutant and control samples and were regulated
by 2849 ceL. Cancers with a high number of samples or high
lncRNA mutations displayed a small number of identified ceMs
(Figure 4B), suggesting that the contribution of mutationmiRNA-ceRNA mechanism is heterogeneous in pan-cancer. Fold
change as a measure of change in ceMs expression was found
to be clustered between 0.8 and 1.2 (Figure 4C), suggesting that
simple statistical metrics mask individualized differences in the
expression of mutant interference ceMs. We also found that
variation in the expression of target ceM was highly correlated
with the change in target prediction score in STAD and Sarcoma
(SARC) (Figures 4D,E). This evidence suggests that a ceM
could be affected by multiple SMILM units, which have different
regulatory effects on the expression of ceM determined by
individual differences in putative mutations. Together, these data
indicate that individual mutation differences are an important
cause of fluctuations in the expression of ceMs.

ceM Oncogenic Pathways Reveal Pan-Cancer
Functional Heterogeneities
CeMs confirmed to be affected by LF mutations in pancancer were collected for gene set enrichment analysis (GSEA)
(Subramanian et al., 2005) weighing by fold change of ceM
expression. We found significantly enriched hallmark gene
sets in ceM genes only in COAD and UCEC. Allograft
rejection and inflammation response pathways were enriched
in ceMs with upregulated expression in both COAD and
UCEC (Figures 5A,B), revealing a high similarity in the
effects of lncRNA mutations through ceRNA mechanisms in
COAD and UCEC. Further, we integrated all ceMs perturbed
by HF and LF mutations to analyze the effect of mutationmiRNA-ceRNA mechanism on cellular functions in pan-cancer
by KEGG functional enrichment analysis. We found only
21 cancers with significantly enriched functional pathways,
primarily involved in energy metabolism, cell metastasis,
apoptosis, and functions related to cancer complications
(Figure 5C and Supplementary Figure 4), indicating that the
mutations-miRNA-ceRNA mechanism is widely involved in the
development of cancers.
We compiled and reviewed 17 oncogenic signaling
pathways verified in articles published between 2008 and 2019
(Supplementary Table 2). We only identified eight oncogenic
signaling pathways in the KEGG functional enrichment results
of eight cancer types (Supplementary Figure 5). These include
the p53 signaling pathway (Wade et al., 2013), phosphoinositide
3-kinase (PI3K)-AKT signaling pathway, mitogen-activated
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Survival Analysis Reveals Biomarker lncRNA in
Pan-Cancer
We evaluated the impact of ceMs that participate in the
carcinogenic signaling pathway on the survival of cancer patients.
Several genes (ceMs) in five cancer types had a significant hazard
ratio (HR) value according to Cox proportional hazard model,
suggesting a relationship between patient prognosis and lncRNA
mutations (Supplementary Figure 7). The Kaplan–Meier
method was used to plot survival-related ceMs (Figures 6A–
C and Supplementary Figures 8A,B). We found that samples
resulting in the upregulation of EREG in COAD had poor
overall survival and that such samples were enriched in stage
IV (Figure 6A). It is intriguing to note that according to
Kaplan–Meier analysis, there was no significant difference in
the survival of BCL2L1 between mutant and control samples
(Figure 6A), which may be attributed to the weak effect of
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FIGURE 4 | Analysis and detection of LF-mutations. (A) Sankey diagram demonstrating the possible effects of putative LF-mutations on the corresponding ceM
expression and the contribution of these ceMs to the 10 classical hallmark gene sets. (B) Numbers of ceM and ceL that passed the statistical test in pan-cancer.
(C) Line plot illustrating the density distribution of fold change of all ceM that passed the statistical test in pan-cancer. (D) Relationship between expression of
CHRNB1 in STAD and the corresponding lncRNA-miRNA target prediction scores shown by scatter plots with plotting of fitted curves. (E) Same as in (D) but for the
expression of MYBPC1 in SRAC.
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FIGURE 5 | Functional enrichment analysis of ceMs. (A) Enrichment of allograft rejection and inflammation response pathways on ceMs for COAD. (B) Same as in
(A) but for UCEC. (C) Dot plot illustrating the top five pathways from functional enrichment results of ceMs for pan-cancer. (D) Signaling pathways affected by ceM
mapped to illustrate the function mechanism of ceM in pan-cancer. Oncogenic and suppressor genes are shown in red and blue, respectively. Use of three
categories to represent the relationships between two genes: activation, inhibition, and indirect effect.

mutations on ceM expression in several samples. FGFR1, a
proven independent prognostic risk factor in patients with
resected esophageal squamous cell carcinoma (Wang Y. et al.,
2019), was significantly differentially expressed in mutant ESCA
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samples (p-value = 7.56e-04), and high expression of FGFR1
was associated with poorer patient prognosis (Figure 6B). We
found that “unknown” samples that perturb MAPK1 expression
in UCEC had a better prognosis and the least proportion was
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functional research, and experimental methods such as CLIPseq and RIP-seq can be used to overcome these shortcomings.
Another potential limitation of our study is that we only
considered one competing unit for detection in a complex ceRNA
regulatory network. Changes in the expression of a node gene
in the ceRNA regulatory network perturbs the balance of the
entire network (Levine et al., 2007). The cascade effect caused
by miRNA redistribution and ceRNA competition from a global
perspective requires building a more complex algorithm to more
accurately describe the complete response of the entire network.
It is certainly a significant idea that we consider lncRNA
somatic mutations in terms of the ceRNA regulatory mechanism.
The effects of genetic variation on ceRNA regulation have been
revealed by previous studies (Cheng et al., 2015; Ghanbari et al.,
2015; Li M. J. et al., 2017), and a large database of correlations has
emerged (Li et al., 2014). However, few studies have addressed
somatic mutations (Wang P. et al., 2020). Previous studies have
focused on the perturbation of ceRNA mechanisms by genetic
variations (Gamazon et al., 2012; Ghanbari et al., 2015; Li M.
J. et al., 2017; Wang P. et al., 2020). For example, one of
our prior studies determined the effect of somatic mutations
of lncRNA on ceRNA mechanisms in pan-cancers (Wang P.
et al., 2020). Li et al. have explored the genetic associations with
ceRNA regulation in the human genome. These studies focused
on methodology development and dataset construction on how
to connect genomic variations and ceRNA expression. Thus,
further studies evaluating the effects of mutations on ceRNA
expression and downstream function are needed. Our research
aimed to provide new insights into the oncogenic mechanism
from the perspective of somatic mutations perturbing the
ceRNA mechanism. Further, we expanded the scope of our
analysis to study the effect of mutations on perturbing biological
networks, functions, and clinical phenotypes. We believe that
our analysis will be helpful for dissecting disease pathology
caused by personalized mutations and further contribute to
precision medicine.
Despite the limitations of our study, our findings reveal one of
the underlying causes of changes in the physiological functions
in cancer, which will help advance the development of precision
medicine. Using mutation and transcriptome data from multiple
cancers, we found many cancer-specific SMILM units and
identified ceMs affected by ceLs. These results complement recent
studies on the mechanism by which lncRNA mutations perturb
ceRNA (Bhattacharya and Cui, 2016; Wang P. et al., 2020).
By verifying the HF-mutation SMILM unit, we discovered the
mutation-mediated ceRNA expression fluctuation mechanism.
We also found individual differences in changes in the expression
of ceM. The diverse distribution of HF and LF mutations in
different cancers and genes was consistent with the genetic
heterogeneity of different cancers. Thus, we performed a specific
investigation on specific cancer types and genes based on the
background of tumor heterogeneity. This strategy has been
previously used to characterize individual disease pathologies
caused by cancer-specific or gene-specific mutations (Lawrence
et al., 2013; Zack et al., 2013; ICGC/TCGA Pan-Cancer Analysis
of Whole Genomes Consortium, 2020). We believe that our
exhaustive analysis will be helpful for dissecting disease pathology

in stage IV (Figure 6C). Previous studies have suggested that
MAPK1 regulates the metastasis and invasion of cervical cancer
through a ceRNA mechanism (Li W. et al., 2017). These results
indicate an important contribution of the lncRNA mutationceRNA mechanism to the overall survival of cancer patients.
LncRNAs that regulate prognosis-related ceM expression can
be critical factors in cancers. High-frequency mutated lncRNAs
regulating prognosis-related ceM expression were screened for
the identification of cancer-related biomarkers (Supplementary
Table 3, Supplementary Figures 8C,D, and Figures 6D–F).
TTN-AS1 (ENSG00000237298) was identified as a potential
biomarker involved in the regulation of both EREG and BCL2L1
(Figure 6D). TTN-AS1 has been proven to be associated with
the prognosis of COAD and regulate apoptosis and invasion
in osteosarcoma (Fu et al., 2019), lung adenocarcinoma (Jia
et al., 2019) and colorectal cancer (Wang Y. et al., 2020) via the
ceRNA mechanism. The lncRNA GSN-AS1 (ENSG00000235865)
regulates BCL2L1 (Figures 6D,E), which has been proven to be an
important prognostic marker for luminal subtype breast cancer
(Yang et al., 2016). lncRNA XIST (ENSG00000229807), TTNAS1 (ENSG00000237298), and TSIX (ENSG00000270641), which
regulate MAPK1 and ERBB3 in UCEC (Figure 6F), were shown
to be miRNA sponges that control apoptosis via the ceRNA
mechanism (Bu et al., 2018; Fu et al., 2019; Li et al., 2020). Taken
together, these results suggest that several potential biomarker
lncRNAs regulate the expression of protein-coding genes through
the ceRNA mechanism to affect patient survival.

DISCUSSION
In this study, we integrated mutation data from 33 cancer types
with RNA-seq profiles from TCGA to explore the association
between somatic mutations in lncRNA and the regulatory
mechanism of ceRNA. Using multivariate multiple regression
and statistical analyses, we identified 162 significant HF-SMILM
units and many ceMs perturbed by LF mutations from pancancers. The mutations-miRNA-ceRNA mechanism appeared
to be dynamic, with individual differences in the regulation
of ceRNA expression due to mutation specificity. In addition,
we characterized the function of ceMs in pan-cancer through
oncogenic signaling pathway studies and survival analysis,
identifying biomarker lncRNAs that regulate the expression of
ceM associated with patient survival. These findings provide a
new perspective to explain the role of lncRNA mutations in
post-transcriptional gene regulation.
Although we used both TargetScan and miRanda tools to
predict potential SMILM units with rigorous screening of scores
and energetics, it is also possible that our lncRNA mutationmiRNA detection missed target sites not predicted by either
tool. Alternatively, we considered the union or intersection of
multiple miRNA-target prediction algorithms, including PITA
(Kertesz et al., 2007) and RNAhybrid (Kruger and Rehmsmeier,
2006); however, unions might introduce many false positives
and intersections might introduce false negatives. Our current
standards provide a reasonable and reliable reference for further
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FIGURE 6 | Biomarker lncRNAs (ceL) regulate mRNA (ceM) through the ceRNA mechanism. (A) Waterfall plot illustrating effects (Up-regulated, Down-regulate,
None, and Unknown) of mutations in each sample for COAD on ceM expression, and include information such as patient survival time and clinical stage of each
sample. Survival predictions and relationships to clinical staging for four sample types classified, respectively, based on the genes EREG and BCL2L1 were
presented by survival curves and bar plot. (B) Same as in (A) but for ESCA, and the gene FGFR1. (C) The same as in (A) but for UCEC, and the genes MAPK1 and
ERBB3. (D–F) The relationship between biomarker lncRNAs and regulated ceM for COAD, ESCA, and UCEC.
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expression data from tumor samples enhances the interpretation
of the identified SMILMs, helping to improve the reliability
of the predictions; thus, this approach may provide more
precise theoretical guidance for experimental studies and
clinical applications.

caused by personalized mutations and contribute to precision
medicine. Importantly, we performed functional enrichment and
oncogenic signature pathway studies, as well as survival analysis
of ceMs from multiple cancers. We identified that pan-cancer
has functional heterogeneity in mutation-ceRNA mechanisms,
primarily enriched in cell proliferation and apoptosis, DNA
repair, and immune regulation. Furthermore, FLT1 of LUSC,
ITGB1 of DLBC, MDM4, and CDKN1A of ACC, MAPK1, and
ERBB3 of UCEC, FGFR1 of ESCA, and EREG and BCL2L1 of
COAD have been strongly associated with patient survival in
their respective cancers. Furthermore, the biomarker lncRNAs,
which regulate the above genes and are mutated with HF,
contribute to the development of clinical research.
With the rapid development of high-throughput technologies,
an increasing number of large biological data sets can be
obtained at the whole-transcriptome level. This makes it difficult
to dissect the individual pathologies behind the fast-growing
datasets. Although many novel biomarkers have been identified
by in vivo or in vitro experimental methods, identifying new
disease-biomarker associations based on traditional, one-byone experimental studies are expensive, complex, and timeconsuming. To overcome these problems, a bioinformatics
strategy has been used in previous studies to dissect gene
regulation and revealed valuable results (Du et al., 2013; Li
et al., 2015; Wang P. et al., 2015). We believe that our analyses
will provide novel insights into mutations affecting lncRNAassociated regulatory mechanisms at the transcriptional level.
Both the method and predictions could serve as helpful references
for future experimental and functional dissections of lncRNAs.
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Background: The role of tumor-associated B cells in human cancer is only starting
to emerge. B cells typically undergo a series of developmental changes in phenotype
and function, however, data on the composition of the B cell population in human
melanoma are largely absent including changes during tumor progression and their
potential clinical significance.
Methods: In this study, we compared the number and distribution of six major B
cell and antibody secreting cell subpopulations outside tertiary lymphoid structures in
whole tumor sections of 154 human cutaneous melanoma samples (53 primary tumors
without subsequent metastasis, 44 primary tumors with metastasis, 57 metastatic
samples) obtained by seven color multiplex immunohistochemistry and automated
tissue imaging and analysis.
Results: In primary melanomas, we observed the highest numbers for plasmablast-like,
memory-like, and activated B cell subtypes. These cells showed a patchy, predominant
paratumoral distribution at the invasive tumor-stroma margin. Plasma cell-like cells were
hardly detected, germinal center- and transitional/regulatory-like B cells not at all. Of
the major clinicopathologic prognostic factors for primary melanomas, metastasis was
associated with decreased memory-like B cell numbers and a higher age associated
with higher plasmablast-like cell numbers. When we compared the composition of
B cell subpopulations in primary melanomas and metastatic samples, we found a
significantly higher proportion of plasma cell-like cells at distant metastatic sites and
a higher proportion of memory-like B cells at locoregional than distant metastatic sites.
Both cell types were detected mainly in the para- and intratumoral stroma.
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Conclusion: These data provide a first comprehensive and comparative spatiotemporal
analysis of major B cell and antibody secreting cell subpopulations in human melanoma
and describe metastasis-, tumor stage-, and age-associated dynamics, an important
premise for B cell-related biomarker and therapy studies.
Keywords: tumor-associated B cells, memory B cells, plasma cells, human melanoma, tumor microenvironment,
multiplex immunohistochemistry, spatiotemporal dynamics

such as in melanoma metastases (Erdag et al., 2012) and primary
cutaneous melanomas (Ladányi et al., 2011; Garg et al., 2016).
These data are in line with reports from other human cancer
types, including (triple-negative) inflammatory breast, epithelial
and high-grade serous ovarian, non-small cell lung, early cervical
squamous cell, metastatic colorectal, gastric, hepatocellular,
pancreatic ductal, esophageal, biliary tract, muscle invasive
bladder, oral hypopharynx, tongue squamous cell cancers, soft
tissue sarcoma and mesothelioma, where high intratumoral
CD20+ or CD19+ TAB numbers or densities alone or sometimes
together with CD3+ or CD8+ T cells are associated with a
favorable disease outcome (Linnebacher and Maletzki, 2012;
Bindea et al., 2013; Lao et al., 2016; Schwartz et al., 2016; Wouters
and Nelson, 2018; Helmink et al., 2020; Fridman et al., 2021).
In studies including additional expression of CD138, a
marker associated with plasma cell differentiation, high CD20
together with CD138 expression correlated with a higher tumor
grade in epithelial ovarian cancer and immune cell-associated
CD138 expression alone with poorer overall and cancer-specific
patient survival (Lundgren et al., 2016). Similarly, infiltration
of CD20+ TAB with CD138 expression into primary operable
ductal invasive breast cancer was associated with poorer cancerspecific survival (Mohammed et al., 2013) and plasma cell
enrichment in G1/2 papillary/acinar adenocarcinomas described
as an independent negative prognostic factor (Kurebayashi et al.,
2016). In contrast, a favorable prognostic effect was described
for CD138+ cell infiltration in colorectal, esophageal and gastric
cancers (reviewed in Wouters and Nelson, 2018; Fridman et al.,
2021). In human melanoma metastases, increased CD138+
plasma cell counts showed a trend to better patient survival
(Erdag et al., 2012) and patients with primary melanomas
of > 2 mm in thickness and enriched for sheets/clusters
of CD138+ IgA-expressing plasma cells had a worse overall
survival. In contrast, plasma cell-sparse melanomas had a
significantly better survival than plasma cell-rich tumors and a
trend toward a better survival than plasma cell-negative tumors
(Bosisio et al., 2016).
Together, these data clearly pinpoint the presence of TAB and
ASC in different human cancers, cancer subtypes and tumor
stages, but indicate that these B cells may play varied roles. An
attractive hypothesis for the varied roles of B cells is the presence
of different TAB and ASC subpopulations. However, such data
are lacking, mainly because of the limited ability to apply complex
marker combinations required to identify such B cell phenotypes.
We have recently shown that B cells from human melanoma
are not only essential to sustain inflammation and CD8+ T cell
numbers in the tumor microenvironment but also can directly
augment T cell activation by immune checkpoint blockade

INTRODUCTION
The tumor immune microenvironment critically regulates tumor
initiation, progression and response to therapy (reviewed in
Binnewies et al., 2018). Though B cells constitute a significant part
of this microenvironment, the exploration of their role in human
cancer has just begun (reviewed in Fridman et al., 2021).
Syngeneic mouse cancer models have shown that tumorassociated B cells (TAB) and antibody secreting cells (ASC),
such as plasmablasts, can promote tumor progression (de Visser
et al., 2005; Ammirante et al., 2010) and inhibit (Affara et al.,
2014; Shalapour et al., 2015, 2017; Gunderson et al., 2016)
but also support anti-tumor T cell-dependent therapy responses
(Lu et al., 2020). In melanoma, syngeneic mouse models
revealed both pro- as well as anti-tumorigenic effects of B cells
(reviewed in Fremd et al., 2013), while advanced models such
as genetically engineered mouse models or xenotransplantation
models suffer from inadequate tumor infiltration by B cells or
other immune cells of the tumor microenvironment (Hooijkaas
et al., 2012). These data underline the importance of studies in
human tissue samples.
In human melanoma, phenotypic analysis showed that the
tumor microenvironment contains CD20+ TAB (reviewed in
Ladányi, 2015) and CD138+ or IgA+ CD138+ ASC, which are
primarily found at the invasive tumor-stroma margin (Erdag
et al., 2012; Bosisio et al., 2016; Griss et al., 2019). However,
existing data on their impact on disease progression and
outcome are inconsistent. Initial studies on the association
of TAB numbers in primary human melanomas with patient
survival employed CD20-immunostaining and reported on
higher numbers in histological subtypes with a worse prognosis
(Hillen et al., 2008) or on the association of higher percentages
of CD20+ TAB within tumor-infiltrating lymphocytes with a
worse patient prognosis (Martinez-Rodriguez et al., 2014). These
data were supported by observations from melanoma metastases
where a 7-marker protein signature, including CD20, negatively
predicted overall and recurrence-free patient survival (Meyer
et al., 2012). Also in other human cancer types, including ductal
carcinoma in situ of the breast, pancreatic ductal carcinoma
and non-small cell lung, colorectal, oral hypopharynx, prostate
and metastatic ovarian cancers, reports do exist that correlate
infiltration with CD20+ or CD19+ TAB with poor patient disease
outcome, tumor recurrence and/or progression (reviewed in
Mohammed et al., 2013; Woo et al., 2014; Dong et al., 2006;
Wouters and Nelson, 2018).
These studies, however, are contrasted by several other
independent reports showing higher numbers or densities of
CD20+ TAB to be associated with improved patient survival,
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(Griss et al., 2019). We were also the first to report increased
B cell numbers to predict improved response and survival
of melanoma patients receiving immune checkpoint blockade.
These data were most recently supported and extended by
independent analyses of melanoma tertiary lymphoid structures
(TLS), where tumor-associated B cells are thought to be educated
(Cabrita et al., 2020; Helmink et al., 2020). Together, these and
our studies describe B cells to play an unexpected essential role
in T cell-based anti-tumor immunity and the responsible B cell
phenotypes to typically having undergone antigen-dependent
activation and class switch recombination (Griss et al., 2019;
Helmink et al., 2020). Despite their presumably high relevance
for anti-tumor immune responses and immunotherapeutic
strategies, data on the presence of these B cell subpopulations and
their distribution in human melanoma are mostly missing so far.
Here we present a systematic comparative spatiotemporal
analysis for six different antigen-experienced B cell and antibody
secreting cell subpopulations in a series of 154 human melanoma
samples. Using seven color multiplex immunohistochemistry
and automated tissue imaging and analysis of whole tumor
sections (Griss et al., 2019), we detected metastasis-, tumor
stage-, and age-associated dynamics in the composition of
these subpopulations.

TABLE 1 | Clinical and histopathological summary of melanoma patients with
primary tumors without subsequent metastasis.
No. of patients
Follow-up (months)

Age

Breslow depth (thickness in mm)

Location

Ulceration
Histotype*

Sex

53
Mean

84

Median

98

Range

8–194

Mean

64

Median

68

Range

31–93

Mean

2.49

Median

1.75

Range

0.36–10

Extremities

20

Head/neck

3

Trunk

30

Present

23

Absent

30

SSM

40

NM

8

ALM

4

NOS

1

Male

33

Female

20

*SSM, superficial spreading melanoma; NM, nodular melanoma; ALM, acral
lentiginous melanoma; NOS, not otherwise specified.

MATERIALS AND METHODS
TABLE 2 | Clinical and histopathological summary of melanoma patients with
primary tumors with subsequent metastasis.

Patient Cohorts
Whole tissue sections were obtained from cutaneous primary
melanomas of caucasian patients who underwent surgery
between 2002 and 2016 at the Cantonal Hospital Baselland,
Liestal, Switzerland, and between 2004 and 2020 at the
Department of Dermatology, Medical University of Graz,
Austria. Tumor samples from Graz were provided by the Biobank
Graz of the Medical University. All tumors were obtained with
informed patients’ consent and the pathology files retrieved as
approved by the local Ethics Committees (EKNZ vote BASEC
2016-01499 for Liestal; 32-238 ex 19/20 for Graz).
Histological diagnoses were made by board-certified
pathologists from the Cantonal Hospital Baselland, Liestal,
and board-certified dermatologists at the Department of
Dermatology, Medical University of Graz, in some cases
together with external board-certified pathologists. Diagnoses
were reviewed by two authors of this study, a board-certified
pathologist (KM) and a board-certified dermatologist (SW).
The respective clinicopathologic information was recorded
in Tables 1, 2. As desmoplastic melanomas show a distinct
clinical behavior, they were not included into this study
(Lens et al., 2005).
The cohort included 97 patients with primary cutaneous
melanoma, aged between 19 and 93 years at the time of first
diagnosis. 53 patients presented without metastasis within a
follow-up of a maximum 194 months interval (mean: 84 months,
Table 1). 44 patients developed metastasis within a followup of a maximum 231 months interval (mean: 54 months,
Table 2). From 10 of the latter patients, additional 16 metastatic
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No. of patients
Follow-up (months)*

Age

Breslow depth (thickness in mm)**

Location**

Ulceration**
Histotype***

Sex

44
Mean

54

Median

32

Range

0–231

Mean

65

Median

68

Range

19–91

Mean

4.71

Median

2.65

Range

0.7–17

Extremities

15

Head/neck

7

Trunk

21

Present

24

Absent

19

SSM

20

NM

19

ALM

2

LMM

1

NOS

2

Male

30

Female

14

*Seven samples without follow-up information (after metastasis).
**Five samples without exact information about Breslow depth, one about location,
one about ulceration.
***SSM, superficial spreading melanoma; NM, nodular melanoma; ALM, acral
lentiginous melanoma; LMM, lentigo maligna melanoma; NOS, not otherwise
specified.
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patterns and frequencies obtained by CD138+ pooled IgA/IgG+
stainings on human tonsil and melanoma (Griss et al., 2019).

samples were collected at the time of first diagnosis. These early
metastatic samples almost exclusively consisted of locoregional
skin and clinically detectable (macroscopic) nodal metastases,
where tumor deposits had completely replaced lymph node tissue
or could be histologically clearly separated from remains of the
lymphatic tissue.
None of these patients received local or systemic antitumor
treatment before surgery of the primary tumor.

Automated Acquisition and
Quantification of TAB and ASC
Subpopulations
Multiplexed slides of the whole tumor sections were scanned
on a Vectra 3 Automated Quantitative Pathology Imaging
System (version 3.0.5., Akoya) and, after spectral unmixing,
analyzed with inForm Tissue FinderTM (version 2.4.1, Akoya)
as described (Carstens et al., 2017; Gorris et al., 2018; Griss
et al., 2019). An unstained representative tumor section was
used to determine autofluorescence. Tumor areas with closely
packed clusters of lymphoid cells (e.g., TLS) did not allow
for an unambiguous allocation of fluorophore signals to a
single cell and were excluded from our analysis as were tumor
areas of ulceration. If any, remaining lymphatic tissue in early
locoregional nodal metastases was also excluded.
We identified TAB and ASC subpopulations in whole tumor
sections by differential CD19, CD20, CD38, CD138, CD27 and
CD5 expression as described by us before (Griss et al., 2019):
(i) CD19+ CD20− CD38+ CD138− as plasmablast-like, (ii)
CD19+ CD20− CD138+ as plasma cell-like, (iii) CD19+ CD20+
CD38− CD138− CD27var as memory-like B cells, (iv) CD20+
CD38+ CD138− CD5− as germinal center-like B cells, (v)
CD19+ CD20− CD38− CD138− CD27+ as activated B cells,
(vi) CD20+ CD19− CD138− CD5+ as transitional/regulatorylike B cells and (vii) other cells (Figure 1). The CD19 staining
was optimized for detection of CD19low plasma cell-like cells (see
above) and these cells could be detected at significant numbers,
still they may be slightly underrepresented. As expression
of CD27 can be downregulated on tumor-infiltrating B cells
(Nielsen et al., 2012; Hegde et al., 2016), also activated B
cells may be underrepresented. All phenotyping and subsequent
quantifications were performed blinded to the sample identity.

Seven Color Multiplex
Immunohistochemical Staining for TAB
and ASC Subpopulations

R

Tumor tissue analysis and read-out were approved by the
Ethics Committee of the Medical University of Vienna (ethics
vote 1999/2019). Four micrometer sections from formalin-fixed
paraffin-embedded blocks were used. Staining parameters for
each primary antibody were optimized using human tonsil
tissue and representative study samples. The complete multiplex
immunostaining procedure was designed as previously described
(Carstens et al., 2017; Gorris et al., 2018; Griss et al., 2019).
Antibodies used in stainings were against: CD19 (1:250 dilution,
Abcam, clone EPR5906, catalogue number #134114), CD20
(1:2000, Agilent, clone L26, M0755), CD38 (1:450, Agilent, clone
AT13/5, M7077), CD138 (1:450, Agilent, clone MI15, M7228),
CD27 (1:500, Abcam, clone EPR8569, #ab 131254), CD5 (1:500,
Novocastra, clone 4C7, CD5-4C7-L-CE).
Tissue sections were subjected to six rounds of
immunohistochemical staining after dewaxing. Each round
of staining started with a 30 min heat-induced antigen retrieval
step with either citrate buffer (pH 6.0) or Tris-EDTA buffer
(pH 9.0), respectively, a subsequent 30 min fixation step with
neutral 7.5% formaldehyde (SAV Liquid Production) and a
15 min blocking step using 20% normal goat serum (Agilent,
X0907), followed by successive incubations with primary
antibody, biotinylated anti-mouse or -rabbit secondary antibody,
Streptavidin-HRP (Dako, K5003) and Opal fluorophore dye
(Akoya Biosciences). Each antibody was assigned to one of
the fluorophores Opal 520, Opal 540, Opal 570, Opal 620,
Opal 650, and Opal 690 (Akoya; FP1487001KT, FP1494001KT,
FP1488001KT, FP1495001KT, FP1496001KT and FP1497001KT)
diluted in 1X Plus Amplification Diluent (Akoya, FP1498). After
six rounds of antibody stainings, nuclei were counterstained with
DAPI (Akoya, FP1490) and slides mounted with PermaFluor
fluorescence mounting medium (Thermo Fisher Scientific,
TA-030-FM). Stainings with single primary antibodies were run
in parallel to control for false positive (incomplete stripping of
antibody-tyramide complexes) and false negative results (antigen
masking by multiple antibodies, “umbrella-effect”) as well as for
spillover effects (detection of fluorophores in adjacent channels)
as described by us before (Griss et al., 2019). Reproducibility
was controlled by a reference slide in each run, antibody batches
were not changed in this study. Negative controls included
concentration-matched isotype stainings and stainings without
primary antibodies (Kaufman et al., 2013). To detect CD19low
plasma cell-like ASC, the concentration of the primary antiCD19 antibody was adapted to allowing for detection of cellular
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Statistical Analysis
Cell-level data (i.e., intensities per channel for the cell
compartments “membrane,” “cytoplasm” and “nucleus”) were
exported from inForm Tissue FinderTM as text files and
processed using R (version 4.0.3). Intensity thresholds were
manually adjusted after manual inspection of every slide. Based
on these thresholds, markers were defined as positive or negative
and cells assigned to specific phenotypes based on the above
marker combinations.
R

RESULTS
Experimental Strategy
TAB in primary human melanomas show a rather patchy
and inhomogeneous infiltration pattern with sometimes
predominant paratumoral, intratumoral or mixed distribution
(Garg et al., 2016). We therefore decided to analyze whole tissue
sections of 154 human cutaneous melanoma samples from four
different cohorts representing different stages of melanoma
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FIGURE 1 | Detection of TAB and ASC subpopulations in human melanoma. (A) Marker combinations used to identify TAB and ASC subpopulations by seven color
multiplex immunostaining. Identification of (B) a CD19+ CD20+ CD27+ memory-like TAB and (C) a CD19+ CD38+ CD138+ plasma cell-like ASC. Serial images for
the different markers: positive markers are given in the upper row; composite images of positive markers are given in the middle row, together with DAPI nuclear
staining in the middle right; negative markers are given in the lower row. Arrows depict the same cell being representative for the respective TAB and ASC
subpopulation. Scale bars represent 50 µm.

predominant paratumoral distribution at the invasive tumorstroma margin and sometimes an intratumoral as well as a
mixed intratumoral and paratumoral infiltration pattern. We
therefore decided to use whole tumor sections to stain 97
cutaneous primary human melanomas samples for the presence
of six different B cell subpopulations outside TLS. We found
TAB and ASC subpopulations in 65 of 97 primary melanoma
samples (67%, Table 3). These subpopulations could be classified
as activated and memory-like TAB as well as plasmablast-like
and plasma cell-like ASC (Figure 1). Germinal center-like and
transitional/regulatory-like TAB were not detected. Frequencies
were highest for plasmablast-like ASC, followed by memory-like
and activated TAB subpopulations. Plasma cell-like ASC were
detected only at very low numbers (Table 3).
We then compared primary melanoma samples for metastasis,
the single most important prognostic factor for melanoma
patients, and observed that primary melanomas with metastasis
contained a lower number of TAB and ASC containing tumors
than primary melanomas without metastasis (Table 3 and
Figure 2). Primary tumors with subsequent metastasis contained
significantly less memory-like TAB (mean 5.9 ± 14.5 vs. 2.7 ± 9.5
cells/mm2 , p = 0.02, CI 95% = –0.75 to 0, Bonferroni corrected
Wilcoxon Rank Sum test) and a trend toward a decreased
frequency of plasmablast-like cells (mean 7.7 ± 18.3 vs. 2.5 ± 6.5,
p = 0.17, CI 95% = –0.41 to 0, Bonferroni corrected Wilcoxon
Rank Sum test) compared to tumor samples without metastasis
(Table 3 and Figure 2).

progression by seven color multiplex immunohistochemistry
and automated tissue imaging and analysis for the presence and
distribution of six different B cell subpopulations (activated,
memory-like, germinal center-like and transitional/regulatorylike TAB as well as plasmablast-like and plasma cell-like
ASC) outside TLS.
We first determined the absolute frequencies of each TAB
and ASC subpopulations in tumor samples from 97 primary
human melanomas and their association with the most important
categorical clinicopathologic parameters.
For an association with disease progression, we compared
the composition of the TAB/ASC population in primary tumor
samples to that in 16 early locoregional and 41 late distant
melanoma metastases. Data for the composition of the TAB/ASC
population at distant metastatic samples were taken from own
published data that have been collected with exactly the same
staining, imaging and analysis approach in melanoma skin
metastases (Griss et al., 2019).

Frequencies of Distinct B Cell and
Antibody Secreting Cell Subpopulations
in Primary Melanomas Are Associated
With Prognostic Clinicopathologic
Parameters
In line with previous reports on CD20+ TAB (Garg et al.,
2016), TAB and ASC subpopulations showed a rather patchy,

Frontiers in Cell and Developmental Biology | www.frontiersin.org

39
5

May 2021 | Volume 9 | Article 677944

Chen et al.

B-Cell Subtypes in Human Melanoma

Therefore, an additional 16 early locoregional metastases were
stained by multiplex immunohistochemistry for TAB and ASC
subpopulations. In nodal tumor samples, tumor deposits had
completely replaced lymph node tissue or could be histologically
clearly separated from the remaining lymphatic tissue. In the rare
cases where some lymphatic tissue was left, we also observed
infiltration of the subcapsular region. In tumor samples from
early locoregional metastases, TAB and ASC subpopulations
were detected primarily in stromal septa within the tumor and
paratumorally at the invasive tumor-stroma margin, a pattern
comparable to that reported previously for distant metastatic sites
(Griss et al., 2019).
To compare these data from primary tumors and early
locoregional metastatic sites with those from late distant
metastatic sites, we used our own published data that had been
generated in distant melanoma metastases by exactly the same
staining, imaging and analysis approach (Griss et al., 2019).
This data set provides relative frequencies of exactly the same
TAB and ASC subpopulations and we compared these to the
relative frequencies obtained in the present study. To allow
analysis for the several TAB and ASC subpopulations within
individual tumor samples, we included into this comparison
tumor samples with only ≥50 B cell counts as determined by
CD20- and/or CD19-immunoreactivity (for sample numbers see
legend Figure 4).
While the relative counts for activated TAB did not change
between primary tumors, locoregional and distant metastatic
sites, we observed significant changes for memory-like TAB
and plasma cell-like ASC (Bonferroni corrected p < 0.01 for
both, Kruskal-Wallis Test). Memory-like TAB at locoregional
metastatic sites showed comparable relative counts to primary
tumors that did not metastasize but were increased compared
to primary tumors with subsequent metastasis and distant
metastatic sites (Bonferroni corrected p = 0.08 and p < 0.001,
CI 95% –0.46 to –0.02 and 0.19 to 0.46, respectively, Wilcoxon
rank sum test) (Figure 4). Plasma cell-like ASC exhibited highest
relative counts at distant metastatic sites, these counts were
significantly higher than in primary tumors and locoregional
metastases (Bonferroni corrected p < 0.01 for both, CI 95% –
0.47 to –0.17, –0.4 to –0.14, respectively, Wilcoxon rank sum test,
Figure 4).
Thus, during disease progression memory-like TAB show
highest frequencies at early locoregional metastatic sites whereas
plasma cell-like ASC preferentially accumulate at late distant
metastatic sites.

TABLE 3 | Summary of multiplex immunohistochemistry staining results in primary
melanoma samples.
Primary
melanomas
without
metastasis

Primary
melanomas with
metastasis

No. of samples

53

44

No. of samples with TAB and/or
ASC subpopulations

41

24

No. of cells/mm2 tumor area
Activated TAB, range:
Mean:
Memory-like TAB*, range:
Mean:
Plasmablast-like ASC, range:
Mean:
Plasma cell-like ASC, range:
Mean:

0–56

0–38

4.0 ± 9.3

2.2 ± 6.3

0–73

0–49

5.9 ± 14.5

2.7 ± 9.5

0–103

0–29

7.7 ± 18.3

2.5 ± 6.5

0–5

0–7

0.6 ± 1.1

0.4 ± 1.1

*p ≤ 0.05 between primary melanomas without vs. with metastasis.

When we stratified primary melanoma samples for
other prognostically important categorical clinicopathologic
parameters, we found primary tumor samples from patients with
higher age (above the median of 68 years) to contain significantly
higher frequencies of plasmablast-like ASC (mean 9.4 ± 20 vs.
2.0 ± 5.3 cells/mm2 ; p = 0.05, CI 95% = 0 to 1.3, Bonferroni
corrected Wilcoxon Rank Sum test), but not for the other three
TAB and ASC subpopulations (Figure 3). Differences for Breslow
depth, ulceration and sex were not found (Figure 3).
The increased frequency of plasmablast-like ASC in primary
melanomas of patients with higher age was somewhat surprising
in view of the reported decrease of mature B cell numbers with
age (reviewed in Crooke et al., 2019). We therefore screened
each individual tumor sample for the frequency of plasmablastlike ASC and found a small subgroup of primary melanomas
with considerably high frequencies. When we then compared
the top 10% primary melanomas with highest frequencies of
plasmablast-like ASC (n = 10) vs. the rest of tumor samples,
we found this subgroup significantly driven by higher age
and—to a minor degree—by higher Breslow depth (p < 0.01
and p = 0.09, respectively, ANCOVA), but not by sex or the
presence of ulceration.
Thus, a decreased frequency of memory-like TAB is associated
with metastasis of primary melanomas and an increased
frequency of plasmablast-like cells with higher age.

Frequencies of Distinct B Cell and
Antibody Secreting Cell Subpopulations
Are Associated With Different Stages of
Melanoma Disease

DISCUSSION
TAB and ASC occur in many human cancers but may play
varied functional roles dependent on cancer type, genetic
and histological subtypes and tumor stages. There is now
substantial data that B cells may play an essential role in T
cell-based anti-tumor immunity in human melanoma (Griss
et al., 2019; Cabrita et al., 2020) by sustaining inflammation
and CD8+ T cell numbers in the tumor microenvironment and
directly augmenting T cell activation by immune checkpoint

We next hypothesized that the observed changes in the frequency
of TAB and ASC subpopulations with metastasis may also give
a hint on changes in the frequency or composition of TAB and
ASC subpopulations in further stages of melanoma progression.
We thus compared primary tumors with locoregional and distant
metastatic tumor sites.
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FIGURE 2 | The frequencies (cells/mm2 ) of four different TAB and ASC subpopulations in primary human melanomas and their association with metastasis. Box
plots comparing primary tumors that did not metastasize (Non-met.) within a mean follow-up of 84 months vs. those that metastasized (Met.) with a mean follow-up
of 54 months. FDRs are 0.02 for memory-like TAB and 0.17 for plasmablast-like ASC. In boxplots lower and upper hinges correspond to first and third quartiles and
center lines to medians. Upper whiskers extend to the largest value within 1.5 times the interquartile range. Outliers are shown as black circles. ∗ p ≤ 0.05.

Activated and memory-like TAB as well as plasmablast- and
plasma cell-like ASC have been described by us before in distant
human metastatic lesions and this study now confirms their
presence also in regional metastatic and in primary melanoma
sites. Similar to their distribution in distant metastases, TAB
and ASC subpopulations in regional metastases were present
in stromal septa within the tumor and at the invasive tumor
stroma margin. In primary tumors, TAB and ASC subpopulations
showed a rather patchy, predominant paratumoral distribution
at the invasive tumor-stroma margin and sometimes an
intratumoral as well as a mixed intratumoral and paratumoral
infiltration pattern. These patterns are comparable to those
reported previously for CD20+ B cells in primary melanomas
and other cancer types (Bindea et al., 2013; Garg et al.,
2016). Also similar to CD20+ TAB, the frequencies of distinct
TAB and ASC subpopulations in primary human melanomas
did not correlate with tumor thickness and ulceration, but
with decreased metastasis (Garg et al., 2016). Thus our study
further supports the meanwhile prevailing view of an antitumorigenic role of B cells in primary human melanoma
(reviewed in Fridman et al., 2021) and provides the first evidence
for diminution of a distinct TAB subpopulation, namely

blockade (Griss et al., 2019). While different TAB and ASC
subtypes have been suggested to exert these immunostimulatory
functions, reported candidate subtypes are typically antigenactivated and somatically recombined (Griss et al., 2019; Helmink
et al., 2020). Beside activated TAB, such subtypes include
germinal-center and memory B cells as well as plasmablasts
and plasma cells and we have now performed a systematic
analysis for the presence of these TAB and ASC subtypes in
human melanoma samples comprising different stages of tumor
progression. Using seven color multiplex immunohistochemistry
and an automated tissue imaging and analysis approach, we
identified (i) in primary melanomas highest numbers for
plasmablast-like ASC, followed by memory-like and activated
TAB, whereas plasma cell-like ASC were detected at comparably
very low numbers; (ii) high frequencies of plasmablast-like
ASC in primary melanomas to be driven by higher age and,
to a lesser extent, by Breslow depth; (iii) an association
of metastasis of primary melanomas with decreased counts
of memory-like TAB; and (iv) increased relative frequencies
for memory-like TAB at locoregional metastatic sites and a
preferential enrichment for plasma cell-like ASC at distant
metastatic sites.
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FIGURE 3 | The frequencies (cells/mm2 ) of four different TAB and ASC subpopulations in primary human melanomas and their association with categorial prognostic
clinicopathologic parameters. Box plots comparing primary tumors with and without ulceration, with increasing Breslow depths, for sex and age (from top to
bottom). FDR is 0.05 for plasmablast-like ASC and age (median = 68 years). In boxplots lower and upper hinges correspond to first and third quartiles and center
lines to medians. Upper whiskers extend to the largest value within 1.5 times the interquartile range. Outliers are shown as black circles. *p ≤ 0.05.

Plasmablast-like cells showed the highest frequency of
TAB and ASC subpopulations in primary melanomas. These
frequencies, however, were mainly driven by a subgroup of
melanoma patients with increased age and Breslow depth.
Human B cell populations are known to change quantitatively
and qualitatively with increasing age and these changes have
a clear impact on anti-tumor immune cell functions, best
documented by the increased cancer susceptibility of older
adults. In contrast to switched memory B cells, naive B cells
and unswitched mature B cells in peripheral blood significantly
decrease with age, a phenomenon that is linked to intrinsic
mechanisms like decreased mRNA stability of transcription
factor E47, which results in decreased induction of activationinduced cytidine deaminase and impaired ability to undergo
class switch recombination and antibody secretion (Frasca
et al., 2011). These intrinsic mechanisms are complemented

memory-like B cells in primary tumors with documented
metastasis. Memory B cells are critical to the induction of
adaptive B cell responses not only to foreign but also to
tumor antigens (Seifert and Küppers, 2016). A recent report
has highlighted their potential therapeutic role in metastatic
human melanoma where memory B cells have been associated
with TLS (Helmink et al., 2020) and, together with other
antigen-experienced and somatically recombined TAB and ASC
subpopulations, linked to response of metastatic disease to
immune checkpoint blockade (Griss et al., 2019; Cabrita et al.,
2020; Helmink et al., 2020). The demonstrated detection of
this B cell subpopulation particularly in TLS of metastatic
locoregional nodal sites (Helmink et al., 2020) is also in line
with our observation of increased memory-like TAB counts at
locoregional sites, which consisted mainly of lymph nodes in
our study cohort.
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FIGURE 4 | Composition (relative frequencies) of four different TAB and ASC subpopulations in different stages of human melanoma disease. Box plots comparing
primary tumors that did not metastasize (PT non-met., n = 22) with primary tumors that metastasized (PT met., n = 14), early locoregional metastatic sites (Met.
local, n = 15) and late distant metastatic sites (Met. distant, n = 33). FDRs (adjusted) for memory-like TAB at early locoregional metastatic sites are 0.08 and 0.001
compared to primary tumors that metastasized and late distant metastatic sites, respectively. FDRs (adjusted) for plasma cell-like ASC at late distant metastatic sites
are < 0.001 compared to primary tumors that did not metastasize, and 0.001 compared to both primary tumors that metastasized as well as early locoregional
metastatic sites. In boxplots lower and upper hinges correspond to first and third quartiles and center lines to medians. Upper whiskers extend to the largest value
within 1.5 times the interquartile range. Outliers are shown as black circles. ∗∗ p < 0.01, ∗∗∗ p < 0.001.

IgM secretion per cell (Rodriguez-Zhurbenko et al., 2019).
B1 cells express substantial levels of the transcription factor
BLIMP1, which decrease with age, and of the transcription
factor PAX5, which increase with age (Rodriguez-Zhurbenko
et al., 2019). As high BLIMP1 levels are required particularly for
plasma cell differentiation, one is tempting to speculate that the
reduced BLIMP1 levels at higher age could still be sufficient to
induce plasmablasts which need significantly less BLIMP1 for
differentiation (Nutt et al., 2015). Consistently, the subgroup of
primary melanomas with highest numbers of plasmablast-like
ASC did not contain somehow comparable numbers of plasma
cell-like ASC. Furthermore, recent mouse data indicate that Pax5
downregulation is not required for plasmablast development but
is rather essential for accumulation and optimal IgG secretion of
long-lived plasma cells with progressing age (Crooke et al., 2019;
Liu et al., 2020).
CD138+ IgA+ plasma cells have been described in human
primary melanomas particularly of >2 mm in thickness,
where plasma cell-rich tumors—as identified by staining for
CD138—had a worse overall survival than plasma-sparse ones

by additional extrinsic factors such as defects in T cell help
to B cells or increased numbers of regulatory T cells in the
peripheral blood (Wagner et al., 2018) as well as structural
and functional changes in secondary lymphoid organs of the
elderly (reviewed in Crooke et al., 2019). All these intrinsic
and extrinsic factors argue against B cell maturation within
germinal centers of secondary or tertiary lymphoid structures as a
mechanism underlying the increased frequencies of plasmablastlike ASC in a subgroup of primary melanomas. In line with
this assumption, we could hardly detect any mature TLS
in hematoxylin & eosin or multiplex immunohistochemical
stains in this subgroup (own unpublished data). An alternative
source for plasmablasts in primary melanomas could be the
B1 cell population which can differentiate into short lived
IgM + plasmablasts outside germinal centers. Though B1 cells
also undergo age-associated changes such as a decrease of
numbers in peripheral blood, sub-analyses have shown that
with advancing age spontaneous antibody secretion by B1
cells is modified, but not necessarily reduced in terms of
the number of IgG-secreting B1 cells and the amount of
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(Bosisio et al., 2016). Consistent with our data, both CD138+
and CD138+ IgA+ plasma cells were detected in only a
small number of primary melanomas from two independent
cohorts (Bosisio et al., 2016). While we could not address an
association with overall survival in our study, numbers of plasma
cell-like ASC in our study could be associated neither with
metastasis nor with prognostic markers such as Breslow depth
or the presence of ulceration as reported for CD138+ plasma
cells (Bosisio et al., 2016). This may be due to the smaller
sample size in our study, particularly of tumors with >2mm in
thickness, and/or due to different staining and tissue evaluation
approaches. These include the usage of multiple markers vs.
a single marker for detection of plasma cells. While staining
for CD138 alone, which is not exclusively expressed on plasma
cells, may have led to overestimation of cell numbers, we cannot
exclude a slight underestimation in our study, though we have
optimized our CD19 immunostaining approach for detection
of CD19low plasma cell-like cells. Additional differences are the
evaluation of whole tissue samples vs. selected tissue areas and
the use of a quantitative automated read-out vs. application of a
semiquantitative visual scoring system. Interestingly, the rather
low number of plasma cell-like ASC at primary melanoma sites
was paralleled by a low number in locoregional metastatic sites
but contrasted by a significant enrichment at distant metastatic
sites, which comprised skin metastases in our study cohort.
An attractive explanation for this observation may provide the
reported neogenesis of TLS particularly in human melanoma
skin metastases (Cipponi et al., 2012) together with the recent
reports on an association of mature TLS (Cabrita et al., 2020;
Helmink et al., 2020; Petitprez et al., 2020) with clonal B cell
expansion, increased B cell receptor diversity and higher numbers
of plasmablasts/plasma cells (Cabrita et al., 2020; Helmink
et al., 2020). While some earlier reports describe the presence
of TLS-associated cell types such as high endothelial venules
(Dieu-Nosjean et al., 2008) and LAMP3+ mature dendritic cells
(Ladányi et al., 2007) in primary human melanomas, a systematic
analysis of numbers, areas, localization and maturation states of
TLS at different tumor stages is still lacking.

variations may have important implications for the biology of
human melanoma as well as for the development of B cell-related
biomarker and therapy studies.
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Cancer acquires metastatic potential and evolves via co-opting gene regulatory
networks (GRN) of embryonic development and tissue homeostasis. Such GRNs
are encoded in the genome and frequently conserved among species. Considering
that all metazoa have evolved from a common ancestor via major macroevolutionary
events which shaped those GRNs and increased morphogenetic complexity, we
sought to examine whether there are any key innovations that may be consistently
and deterministically linked with metastatic potential across the metazoa clades. To
address tumor evolution relative to organismal evolution, we revisited and retrospectively
juxtaposed seminal laboratory and field cancer studies across taxa that lie on the
evolutionary lineage from cnidaria to humans. We subsequently applied bioinformatics
to integrate species-specific cancer phenotypes, multiomics data from up to 42
human cancer types, developmental phenotypes of knockout mice, and molecular
phylogenetics. We found that the phenotypic manifestations of metastasis appear
to coincide with agnatha-to-gnathostome transition. Genes indispensable for jaw
development, a key innovation of gnathostomes, undergo mutations or methylation
alterations, are aberrantly transcribed during tumor progression and are causatively
associated with invasion and metastasis. There is a preference for deregulation of
gnathostome-specific versus pre-gnathostome genes occupying hubs of the jaw
development network. According to these data, we propose our systems-based model
as an in silico tool the prediction of likely tumor evolutionary trajectories and therapeutic
targets for metastasis prevention, on the rationale that the same genes which are
essential for key innovations that catalyzed vertebrate evolution, such as jaws, are also
important for tumor evolution.
Keywords: cancer evolution, metastasis, jaw development, epithelial-mesenchymal transition, gnathostomes,
cyclostomes, tumor evolutionary trajectories, prediction model
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tumor, in order to evolve toward metastatic stages. The term
“key innovation,” as used herein, refers to any novel phenotypic
trait that facilitates adaptive radiation and evolutionary success
of a taxonomic group (Hunter, 1998), as well as the respective
genes and/or GRNs that support establishment of this trait.
The epithelial-mesenchymal transition (EMT), that is the
hierarchical GRN which controls neural crest, a vertebratespecific multipotent embryonic cell population which generates
several body anatomical structures (Martik and Bronner, 2017) is
a representative example of co-option of key innovations toward
enhancing metastatic potential. Indeed, the same EMT factors
mediating differentiation and migration of neural crest are also
ectopically reactivated during tumor progression (Kerosuo and
Bronner-Fraser, 2012; Fürst et al., 2019).
All metazoa can develop tumors (Domazet-Lošo et al., 2014),
but major differences in their prevalence and metastatic potential
are observed across phyla. The “big-bang” of tumor formation
is traced to Cnidaria and correlates with the emergence of
multicellularity. All cancer-associated genes are conserved in
Cnidaria, and Hydra tumor cells have an invasive capacity
(Domazet-Lošo et al., 2014). However, the aforementioned
phylogenetic origin of tumor formation does not coincide with
the phenotypic manifestations of aggressiveness, since Cnidaria
neither form true metastases nor die of cancer (DomazetLošo et al., 2014). Thus, it remains enigmatic how species
with lethal cancers have non-metastatic common ancestors, as
well as if there are any key innovations that may be linked
with increased prevalence of metastasis across the metazoa
clades. We hypothesized that if certain key innovations increase
organismal fitness of a given species population, they will
likely undergo positive selection, despite the risk of being coopted by the tumors later on in the life of the individuals of
the respective population. To explore whether organisms that
inherited key innovations from a common ancestor consistently
manifest metastatic potential, in contrast to the ones which
lack them, we applied phylogeny, that is, the evolutionary
history of species in relation to oncogeny (Dawe, 1969).
Herein, we revisited and retrospectively juxtaposed cancer
reports across taxa on the same evolutionary lineage with
mammals, from cnidarians to humans, and then integrated
cancer phenotypes of these species with high-throughput data
from up to 42 human cancer types, data on developmental
phenotypes of knockout mice, and phylogenetic comparative
methods. This multidisciplinary meta-analysis allowed us to
infer that phenotypic manifestation of metastasis coincides
with agnatha-to-gnathostome transition. Genes essential for jaw
development, which is a key innovation of gnathostomes, are
deregulated in tumor cells and are causatively associated with
tumor progression.

INTRODUCTION
Despite advances in cancer management, manifestation of
lesions with metastatic potential signals the terminal stage
of disease. The term “metastatic potential” may include any
combination of cancer phenotypes that enable metastatic
dissemination including motility, immune evasion, and ability
to survive in circulation and proliferate at distant sites (Birkbak
and McGranahan, 2020). Cancer progression is governed by
mechanisms distinct from those of initiation (Logotheti et al.,
2020). While at early stages cancer cells accumulate driver
mutations, at advanced stages, they do not acquire additional,
metastasis-specific mutations (Rodrigues et al., 2018), but rather
hijack programs of tissue-homeostasis and normal embryonic
development and reactivate them in an unusual place, at the
wrong time (Logotheti et al., 2020). Metastasis is promoted
by aberrant gene regulation, and metastatic transcriptional
programs arise from de novo combinatorial activation of multiple
distinct and developmentally distant transcriptional modules
(Rodrigues et al., 2018). We and others have shown that
cancer progression is facilitated by ectopic activation of genes
that have tissue-restricted profiles (Rousseaux et al., 2013;
Richter et al., 2019), or are involved in placenta (Costanzo
et al., 2018) and embryonic development (Billaud and Santoro,
2011) including, but not limited to, neuronal development
and function (Logotheti et al., 2020). For instance, we have
recently provided compelling evidence that genes involved in
neuronal development and neurological function are reactivated
in tumors and predict poor patient outcomes across various
cancers. Tumors co-opt genes essential for the development of
distinct anatomical parts of the nervous system, with a frequent
preference for cerebral cortex and the neural crest-derived enteric
nerves function (Logotheti et al., 2020). In this respect, cooption, the evolutionary process through which a biological
function within a specific context may be alternatively used
in another context to support a novel function, emerges as
a recurrent and prevailing pattern during tumor progression
(Billaud and Santoro, 2011).
The gene regulatory networks (GRN) of embryonic
development and tissue homeostasis are encoded in the
genomes of animal species and define their attributes and
morphogenetic complexity (Levine and Davidson, 2005).
Considering that tumors can progress to metastatic stages by
co-opting such gene programs, it is reasonable to conjure that
the metastatic potential largely depends on the gene reservoir of
the species on which tumors grow. For example, lesions growing
on animals as simple as cnidarians will plausibly usurp the
GRNs controlling their corresponding attributes, while mammal
tumors have access to GRNs underlying more sophisticated
body plans. From a phylogenetic point of view, all metazoa have
evolved from a common ancestor via major macroevolutionary
events, which advanced the animal body plans, and GRNs which
are associated with these events are conserved across species
(Levine and Davidson, 2005). Given that these GRNs can be
inevitably at the disposal of cancerous tumors, we wondered
whether the same key innovations through which the species
evolved may have been, in parallel, exploited by the primary
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MATERIALS AND METHODS
Identification of Jaw-Indispensable
Genes
To identify those genes that are indispensable for the
development of cartilaginous jaws (JIGs), we screened the Mouse
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Genome Informatics (MGI) database (Bult et al., 2019) for genes
the knockout of which leads to mouse phenotypes with jawrelated defects, as recently described (Logotheti et al., 2020), using
the terms “cartilage,” “jaws,” “mandible/mandibular,” “maxilla,”
and “micrognathia.” Their human orthologs were identified and
the official HUGO gene nomenclature committee (HGNC) (Gray
et al., 2015) gene symbols were used (Supplementary Table 2).

Meta-Analyses of Mutation and
Methylation Data From Human Tumors
We juxtaposed the datasets of PanCancer and GENCODEv32
using Ensembl gene IDs and filtered for protein coding genes
with a transcript support level TSL < 3, to generate a
comprehensive dataset of 19,617 transcripts. Recently identified
cancer driver genes and frequently mutated genes were also
used (Bamford et al., 2004; Kandoth et al., 2013; Bailey et al.,
2018). As control gene lists, we generated 100 lists of 305
random genes by sampling the 19,313 transcripts (without
JIGs) without replacement (available on request). The Cancer
Gene Census (CGC) list of 723 genes (including two noncoding) was downloaded from the COSMIC (Catalogue of
Somatic Mutations in Cancer) website (Bamford et al., 2004)
and juxtaposed with JIGs or random lists. For evaluating
stochastic events, we calculated the percentage of events by
chance (x% = 100 × k/19,313 coding genes without JIGs, k = 721
CGC, 299 cancer drivers, 127 frequently mutated) and performed
Chi-squared test (stochastic events) or z-test (random gene lists).
The number of patients affected by gene mutations and the
number of mutations per gene were retrieved from the GDC
data portal (Jensen et al., 2017) after uploading the respective
gene list. DiseaseMeth database (Xiong et al., 2017) was used to
detect the differentially methylated JIGs in several cancer types.
All results were downloaded and data for the different cancer
types were pooled.

Orthologs Search
The HGNC symbols of the 305 jaw-indispensable genes
(JIG; Supplementary Table 2) were used initially to retrieve
the corresponding, well-annotated, gnathostome (Homo
sapiens, Mus musculus, Gallus gallus, Xenopus laevis, Danio
rerio, and Callorhinchus milli) protein sequences from the
publicly available non-redundant sequence database NCBI
RefSeq (O’Leary et al., 2016). The canonical or longest
known transcripts per protein were selected. For obtaining
orthologous sequences from the agnatha genera under study
(Petromyzon, Branchiostoma, Ciona, Strongylocentrotus, and
Hydra), the retrieved gnathostome sequences were used as
probes to iteratively search the agnathan genomes available in
NCBI RefSeq and GenBank (Sayers et al., 2019), by applying
reciprocal BLASTp and BLASTn (Altschul et al., 1990) with
default parameters; an in-house Python script was employed
(available on request). The protein domain organization of
the novel sequences was explored through SMART v.8.0
(Letunic and Bork, 2018).
To identify the “true orthologs” of each JIG/protein,
phylogenetic trees (a total of 305) of the homologous,
gnathostome and agnathan, protein sequences were constructed.
To this end, the amino acid sequences of the homologous
proteins were aligned using Clustal Omega, version 1.2.4 (Sievers
and Higgins, 2014a,b) and the resulting multiple sequence
alignment was provided as input to the software package
MEGA version 10. 1 (Kumar et al., 2018) in order to perform
phylogenetic analyses, by employing a neighbor-joining (NJ) and
a maximum likelihood (ML) method. The expected number of
amino acid substitutions per position was estimated with the
JTT model (Jones et al., 1992). The robustness of the inferred
phylogenetic trees was evaluated by bootstrapping (100 pseudoreplicates). Only those agnathan sequences that clustered with
the known gnathostome sequences under study were considered
as “true orthologs.” A characteristic example is shown in
Supplementary Figure 1.

Transcriptome Analysis in CCLE, TCGA,
and GEO Databases
Cancer Cell Line Encyclopedia (CCLE) and The Cancer Genome
Atlas (TCGA) transcriptomic data were analyzed as recently
described (Logotheti et al., 2020). For identifying differentially
regulated transcripts in metastatic versus primary lesions or
normal tissue, transcriptome data from the Gene Expression
Omnibus (GEO) database (Clough and Barrett, 2016) (study
numbers: GSE21510, GSE2509, GSE25976, GSE43837, GSE468,
GSE6919, GSE7929, GSE7930, GSE8401) were analyzed by
GEO2R. Cox regression analysis was performed by R software
using the coxph function in the survival package.

Statistical Analysis
Unless otherwise stated, statistics were performed by Student’s
t-test; p values less than 0.05 were considered as significant
(*p < 0.05, **p < 0.01, ***p < 0.001). All statistical tests
were two-sided.

Functional Interaction Networks and
Gene Set Enrichment Analysis
The associations among the jaw-indispensable human
genes/protein products were investigated in the STRING v11.0
database (Szklarczyk et al., 2019), by selecting a high confidence
interaction score (≥0.9). Moreover, Cytoscape v3.8.0 (Shannon
et al., 2003), was employed for network processing, visualization
and statistical analysis. For the Gene Set Enrichment Analysis,
the GSEA-P 2.0 software (Broad Institute, Cambridge, MA,
United States) (Subramanian et al., 2005) was used. Enriched
hallmark and Gene Ontology terms were plotted against the
negative log10 of their individual FDR value (<0.05).
Frontiers in Cell and Developmental Biology | www.frontiersin.org

RESULTS
Key Innovations in Relation With Tumor
Characteristics Across Phylogenetic
Taxa: Available Resources and
Considerations
As a framework for comparing tumors among metazoa, we
used the one proposed by Dawe, one of the pioneers to
address oncogeny in relation to phylogeny. The framework is
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the phylogenetic tree per se and the comparisons are made
by ascending the bifurcating tree, in a direction from the
last common ancestor to the more recent taxon, by recording
changes which occurred proximal to the divergent branches at
each node (Dawe, 1969). In line with this, we selected that
taxon in each bifurcation of the phylogenetic tree in which an
indispensable hallmark macroevolutionary trait occurred first,
and was conserved throughout the descendant lineage, up to
mammals and humans (Hickman et al., 2001). Porifera was the
baseline taxonomic group of our study panel, since sponges
do not develop apparent tumors (Domazet-Lošo et al., 2014).
In the case of Protochordates, due to their nodal position
between invertebrates and vertebrates (Delsuc et al., 2006),
both children taxa (Cephalochordates and Urochordates) were
included in the analysis.
We extensively searched publicly available databases, for peerreviewed cancer reports on representatives of these taxa. A degree
of inherent heterogeneity due to diverse experimental methods
across these reports should be assumed. Notwithstanding, these
records are, to date, the best available source of information on
tumor characteristics of these taxa. They remain fundamental,
especially given that in some species, experimental carcinogenesis
protocols cannot be applied, due to animal ethics restrictions
and/or because they do not represent conventional laboratory
animal models. To eliminate potential bias by comparing
pathology reports on isolated cases, we particularly emphasized
on studies which (a) followed-up large populations of animals
over ample periods of time, and (b) provided a clear number
of subjects, histological characterizations, and wherever possible,
experimental validations. Another comprehensive source of
information is the “Registry of Tumors in Lower Animals”
(RTLA), i.e., an official repository of validated tumor reports from
a large number of invertebrates and cold blooded vertebrates
(Harshbarger, 1969), and the “Overall five year progress report for
the registry of tumors in lower animals from September 30, 2002
through September 30, 2007” (personal communication, Dr. P.J.
Daschner). We also considered parameters that are particularly
important for metastasis, mainly (a) the circulatory system, which
offers cancer cells a means for energy supply and migration
to secondary sites (Hanahan and Weinberg, 2011) and (b) the
immune system, which reflects the innate ability of an organism
to detect and eliminate malignant cells and represents a major
evolutionary pressure in the tumor microenvironment (Angelova
et al., 2018). All chordates have a closed circulatory system
(Hickman et al., 2001). Adaptive immunity first occurred in
cyclostomes (Cooper and Alder, 2006), whereas all their ancestors
possess only innate immunity (Langlet and Bierne, 1982; Cooper
and Alder, 2006; Maciel and Oviedo, 2018). Overall, tumors
across the selected taxa, in association with aggressiveness,
immunity and the circulatory system can be overviewed in
Figure 1 and Supplementary Table 1.

population growth, they are non-lethal for the affected
individuals (Domazet-Lošo et al., 2014). Platyhelminthes develop
spontaneous, non-lethal tumors (Harshbarger, 1969; Tascedda
and Ottaviani, 2014), while their exposure to carcinogen
type 1A cadmium leads to benign tumors and impairment
of their regenerative ability, especially in combination with
inactivation of tumor-suppressor genes (Van Roten et al., 2018).
No tumors have been reported in Nemertea. Nematodes develop
germline cell-derived tumors (Kirienko et al., 2010). Cancer
in Molluscs is manifested as a leukemia-like, disseminated
neoplasia (DN), and as germinal cell-derived gonadal neoplasia
(Barber, 2004; Carballal et al., 2015). Importantly, DN in Mya
arenaria populating the coast of North America, is a horizontally
transmissible form of cancer, whereby the cancer clone, which
likely arose in a single individual, is spread to host clams, and
bears a genotype distinct from the host genotypes (Metzger et al.,
2015). Nevertheless, such deadly tumors are restricted to bivalvia,
and, to date, have not been described in other pre-vertebrate
taxa on the same evolutionary lineage. Indeed, Echinoderms
are resistant to chemical-induced oncogenesis (Wellings, 1969),
and either lack spontaneous tumor lesions (Wellings, 1969) or
develop non-invasive/non-lethal, pigmented lesions (Fontaine,
1969). Similarly, the protochordates either appear to be cancerfree (Urochordates) (Dawe, 1969; Wellings, 1969) or form
benign tumors (Cephalochordates) (Wellings, 1969). Overall,
with the exception of Molluscs, tumors in pre-vertebrates are not
associated with lethal outcomes (Figure 1).

Emergence of Metastasis Coincides With
Agnatha-Gnathostomes Split Within the
Vertebrate Clade
Cyclostomes, the only living jawless vertebrates (agnatha) (Gess
et al., 2006), comprise a monophyletic group (Heimberg et al.,
2010), including Petromyzontia (lampreys) and Myxinoidei
(hagfishes). Until 70’s, only one case of cyclostome cancer had
been reported in RTLA. Following this singleton report, Falkmer
and colleagues addressed cyclostome tumor pathology in an
extensive, thorough and well-controlled manner (Falkmer et al.,
1976, 1978; Falkmer, 1998) and, up to this day, this seminal
work remains the most comprehensive source of information
for carcinogenesis on this enigmatic, though basal, vertebrate
superclass. In particular, Falkmer screened, for tumor incidence,
two large populations of lampreys caught in Ume/Ricklean
rivers, and hagfishes caught inside and outside the Gullmar
fjord. In a population of 6,000 lampreys, only one individual
(0.017%) presented highly differentiated primary hepatocellular
carcinoma. In contrast, tumors were detected in the hagfish
population inside the fjord, and this percentage was significantly
enhanced versus the tumor-bearing individuals in the open-sea
control group (Figure 2). Of the 27,300 hagfishes captured
within a 5-year period (1972–1976), up to 5.8% exhibited liver
neoplasms (adenomas and carcinomas). This percentage was
significantly higher compared to the tumor-bearing individuals
(2.8%) in the control, open-sea population of 1,183 hagfishes
caught outside the fjord. Although the affected hagfishes
developed high- or low-differentiation tumors, they showed

Tumor Landscape in Pre-vertebrates
According to available reports (Supplementary Table 1),
Cnidaria are the most ancient organisms known to develop
naturally occurring tumors. Although tumors in Hydra
polyps reduce capacity for egg production and rate of
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FIGURE 1 | Phylogenetic tree depicting the evolutionary relationships of metazoa and the emergence of metastasis in the cyclostome-to-chondrichthyes transition.
Each phylogenetic group has manifested, for the first time, a key innovation that was conserved throughout the lineage. Red-colored clades indicate groups with
lethal cancer types. Based on information derived from histological analyses, tumors were classified into benign (corresponding to initiation),
malignant/non-metastatic (corresponding to promotion) or malignant, metastatic (corresponding to progression). Invasive and metastatic tumors have been reported
from Chondrichthyes to mammals. The mollusks present contagious invasive cancer, while the urochordates are cancer-resistant. The red dot on the tree represents
the common chordate ancestor, which gave rise to both, metastatic (green dots) and non-metastatic species (yellow dots). Model of the progression from a normal
cell to metastatic cancer was modified from a previous illustration (Iacobuzio-Donahue et al., 2012). The origins of a closed circulatory system and of acquired
immunity are also presented.

at these sites (Falkmer et al., 1978). The fact that despite their
exposure to confirmed carcinogens (Lauby-Secretan et al., 2013;
Loomis et al., 2015; Abu-Helil and van der Weyden, 2019), a
percentage developed malignant tumors, but none of the 28,483
study individuals developed metastasis, leads to the suggestion
that these animals may be metastasis-refractory or metastasisincapable. Nevertheless, metastatic capability is evident in all
descendant lineages. In particular, in Chondrichthyes, at least

no macroscopic signs of metastasis (Falkmer et al., 1976,
1978; Falkmer, 1998). This increased cancer incidence was
attributed to a combination of polychlorinated biphenyls (PCBs)
and dichlorodiphenyltrichloromethylmethane (DDT), two
anthropogenic organochloride contaminants which entered the
fjord via washout. Due to parasitism of hagfishes on PCB/DDTcontaminated fishes, the organochlorides bioaccumulated in
their liver or pancreatic islets, eventually triggering oncogenesis
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FIGURE 2 | Comparative epidemiology data on metastases in agnathan versus gnathostome representatives that inhabit comparable carcinogen-contaminated
aquatic environments. No metastases have been reported in hagfishes inside and outside Gullmar fjord. On the contrary, toothed belugas in Quebec as well as
California sea lions that inhabit environments polluted with similar organochlorides are susceptible to metastatic tumors.

As shown in Figure 2, in an isolated population of about 900
toothed belugas (Delphinapterus leucas) living in the heavily
industrialized St Lawrence Estuary of Quebec, Canada, cancer
was reported as one of the most frequent causes of death (14%,
31/222 animals) in 222 carcasses found stranded or drifting,
from 1983 to 2012. Tumors were often metastatic and fatal,
and associated with the gastrointestinal tract (adenocarcinoma of
the gastrointestinal mucosa, salivary gland and cholangiocellular
carcinoma) and mammary glands. Exposure to carcinogens has
been associated to increased cancer incidence (Lair et al., 2016),
since living and dead beluga tissues were heavily contaminated by
agricultural and industrial contaminants, including PCB/DDTs
and their metabolites (Martineau et al., 2002). Similarly,
between 1979 and 2015, necropsies of 2,287 sea lions beachedoff central California coast in United States revealed high
cancer incidence, where the predominant neoplasms were
poorly differentiated urogenital carcinomas, with frequent local
invasions and widespread metastases (Lipscomb et al., 2000;
Deming et al., 2018). Metastasis was diagnosed in 18% (66/370)
of necropsied animals from 1979 to 1994. From 2005 to 2015,
14% (263/1917) of cases had cancers, the vast majority of
which were metastatic (Lipscomb et al., 2000; Deming et al.,
2018), localized in the urogenital tissues and associated with
organochloride bioaccumulation (Ylitalo et al., 2005; Randhawa
et al., 2015). Hence, in similar carcinogenic environments,
gnathostome species appear susceptible to aggressive cancers
in contrast to the metastasis-refractory Gullmar fjord hagfishes.
Similarly, organochloride pollutants have been correlated with
risk of metastasis in human breast cancer patients (Koual
et al., 2019). The aforementioned observations suggest that
gnathostomes might be more prone to metastasis than agnatha

50 cases of spontaneous cancer, including invasive (Wellings,
1969) and metastatic (Schlumberger and Lucke, 1948; Ostrander
et al., 2004) tumors, have been recorded; in Osteichthyes, the
tumor incidence increases and metastatic cases become more
frequent (Schlumberger and Lucke, 1948; Wellings, 1969; Couch
and Harshbarger, 1985; Groff, 2004); in amphibia (Stacy and
Parker, 2004), reptiles (Abu-Helil and van der Weyden, 2019),
birds (Abu-Helil and van der Weyden, 2019), and mammals
(Albuquerque et al., 2018), there is an increased prevalence
of invasive and metastatic cancers (Albuquerque et al., 2018).
Collectively, a retrospective overview of tumor reports suggests
the consistent occurrence of metastases in chondrichthyes and
their descendants, providing hints that the establishment of
metastatic potential coincides with the agnatha-to-gnathostome
transition within the vertebrate clade (Figure 1).
The complicated life-cycle of cyclostomes, as well as ethical
considerations regarding their research (Shimeld and Donoghue,
2012), challenge the application of experimental carcinogenesis
protocols on adult individuals to simulate Falkmer’s field study
on a laboratory scale (Shimeld and Donoghue, 2012). Hence, as
a surrogate test for corroborating associations between agnathato-gnathostome transition and metastatic potential, we sought
to juxtapose Falkmer’s nodal tumor pathology reports on adult
cyclostomes to those of gnathostome representatives living in
comparable PCB/DDT-contaminated environments (Figure 2).
In particular, Beluga whales and California sea lions inhabit
aquatic environments with persistent organic pollutants similar
to those reported for the Gullmar fjord, and show unusually
high cancer prevalence among marine mammals (Deming et al.,
2018), which has been associated with exposure to carcinogens
(Ylitalo et al., 2005; Randhawa et al., 2015; Lair et al., 2016).
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relative to the expected value (3.7%, or 721 of 19,313 coding
genes from GENCODEv32, p < 0.001) (Figure 4A, left). The
same tendency was observed when JIGs were juxtaposed to 299
driver genes and mutations identified from a comprehensive
PanCancer and PanSoftware analysis spanning 9,423 tumor
exomes by employing 26 computational tools (Bailey et al., 2018).
JIGs represent 8.9% (27 genes) of the identified cancer drivers
versus 1.0 ± 0.6% of random genes (p < 0.001) (Figure 4A,
middle). Similar results were obtained when the same analysis
was performed versus a group of 127 significantly mutated genes
which have been identified as oncogenesis drivers across 12 major
cancer types, whereby most tumors bear two to six of these
mutations (Kandoth et al., 2013). A significant enrichment of
JIGs for 18 of these genes (5.9% compared to expected 0.6%,
which is 127 in 19,313 coding genes) was observed, as opposed
to the random genes (0.5 ± 0.4%, p < 0.001) (Figure 4A,
right). Overall, compared to the control lists, JIGs are highly
enriched in cancer driver genes and mutations (Figure 4A
and Supplementary Table 3). Then, using gene mutation data
from PanCan cohort, we calculated the mutation frequency for
all JIGs across human cancer types, and found a significant
increase compared to control lists (Figure 4B). To further assess
whether JIGs tend to be epigenetically altered in cancer, we metaanalyzed data of the DiseaseMeth 2.0 database (Figure 4C), and
found frequent alterations of DNA methylation in JIGs, while
hypomethylation was the most prevalent type of aberration in
tumors versus normal tissue controls (131 JIGs hypomethylated,
47 hypermethylated, 47 hypo-/hyper-methylated, χ2 = 62.72,
p < 0.001). Collectively, JIGs appear to undergo mutations and/or
perturbations of DNA methylation patterns in cancer.

upon exposure to carcinogenic pollutants. If this is indeed the
case, then macroevolutionary gains of gnathostomes, such as the
cartilaginous jaws, emerge as a key innovation possibly associated
with metastasis.

JIGs Undergo Frequent Mutations and
DNA Methylation Alterations in Human
Cancers
Agnatha-to-gnathostomes transition was promoted by the
evolution of a cartilaginous skull, along with the establishment
of jaws. These novelties facilitated the emergence of a complex
brain and senses, that, together with the pharyngeal cartilage,
allowed gnathostomes to shift to active predation, intermittent
feeding and behavioral diversification (Kaucka and Adameyko,
2019). They highlight vertebrates’ evolutionary success and, thus,
are conserved from chondrichthyes to human (Kaucka and
Adameyko, 2019). Based on the observation that the phenotypic
manifestations of metastasis coincide with the evolutionary time
point of occurrence of gnathostome key innovations, we used
computational methods to unravel links between jaw formation
and metastatic potential. We postulated that if our hypothesis
is valid, then genes supporting formation of cartilaginous jaws
would tend to be deregulated during cancer progression. To
identify genes essential for the development of cartilaginous jaws,
we screened the Mouse Genome Informatics (MGI) database for
knockout-mice phenotypes that encompass jaw-related defects.
In this way, 305 JIG were identified, all of which exhibit
highly conserved human orthologs (Supplementary Table 2).
The term “JIG,” as used herein, refers to any gene which,
if impaired, leads to abnormal jaw embryonic development.
Notably, as indicated by the calculated ratios of jaws phenotypes
to all affected phenotypes (Supplementary Table 2), JIGs are
not functionally restricted only to jaw development, however
mutation in even one of them leads to jaw malformations.
GSEA revealed JIGS’ involvement in skeletal system and
cartilage development, appendage morphogenesis, and pattern
specification (Figure 3A); molecular functions such as DNA
binding, transactivation activity and signaling receptor binding
(Figure 3B); and hallmark processes like Wnt-beta, TGF-beta
and NOTCH signaling, and EMT (Figure 3C). STRING analysis
indicated that 173 of these factors form a highly interconnected
network (Figure 3D). Altogether, these data suggest that JIGs
interact either physically or functionally within the context of jaw
formation, to create a network, to which we, hereafter, refer to as
jaw-developmental network (JDN).
Next, we examined whether JIGs undergo frequent genetic
and/or epigenetic alterations in tumors. First, we juxtaposed three
distinct lists of identified cancer gene drivers and mutations
(Bamford et al., 2004; Kandoth et al., 2013; Bailey et al., 2018)
with the list of JIGs to determine the number of JIGs that
are mutated across human cancer types. To ensure that the
association is non-random, we compared to 100 control lists
each encompassing an equal number of 305 random, unrelated
genes (available on request). A significant enrichment of CGC
factors was observed among the JIGs 16.7%, or 51 genes)
relative to random gene lists of the same size (3.5 ± 1.2%) and
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JIGs Are Transcriptionally Deregulated in
Aggressive Stages and Predict Cancer
Patient Outcomes
To further explore potential links between jaw development and
cancer progression, we checked invasive cancer cell lines and
patient tumors for changes in JIG transcriptional activity. In
this regard, based on a recently described approach (Logotheti
et al., 2020), we classified all cell lines of the Cancer Cell Line
Encyclopedia (CCLE; Barretina et al., 2012), which includes gene
expression data of 962 cell lines, into highly-invasive and lessinvasive types, according to the levels of E-cadherin, N-cadherin,
Vimentin, ZEB1, and SNAI1, which constitute reliable markers
for EMT and tumor progression (Khan et al., 2017). Then, we
examined whether JIGs are differentially expressed in highlyversus less-invasive cells across 24 common cancer types. We
found that, compared to the control lists, a significantly higher
number of JIGs is differentially expressed in high- versus lowaggressive cells (1.8-fold higher, z = 8.89, p < 0.001), where
more JIGs are upregulated (JIGs vs. control: 100 vs. 39.1 ± 6.6
genes) than downregulated (39 vs. 40.4 ± 6.5 genes, p < 0.003,
Figure 5A and Supplementary Table 3). These results indicate
a non-stochastic tendency for enhanced transcription of JIGs in
highly invasive states.
Additionally, to evaluate the clinical relevance of these
findings, we meta-analyzed gene expression data in 35 different
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FIGURE 3 | JIGs exhibit a high degree of interconnectedness. (A–C) Analysis of enriched GO biological processes: (A) GO molecular functions, (B) and hallmark
processes, (C) indicates a role of JIGs in the development and EMT, mainly via affecting transcriptional regulation. (D) Interaction network of JIGs (interaction
confidence score ≥ 0.9) shows that 173 of 305 genes/proteins are highly interconnected. The nodes represent genes/proteins and the connecting edges functional
associations. Node sizes reflect node degree.
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FIGURE 4 | JIGs undergo frequent gene mutations and epigenetic alterations across cancer types. (A) JIG enrichments in known and frequently mutated cancer
drivers as indicated versus controls were 16.7% vs. 3.5 ± 1.2% (p < 0.001), (left); 8.9% vs. 1.0 ± 0.6% (p < 0.001), (middle); and 5.9% vs. 0.5 ± 0.4%
(p < 0.001), (right).(B) The average mutation frequency of JIGs is higher in PanCan cohort versus genes of the random lists (left). This entails a higher number of
mutations per individual JIG (center) and a higher number of patients exhibiting mutations in JIGs (right). Pink lines: medians. (C) Almost 74% (225/305) of JIGs
undergo aberrant DNA methylation in 42 cancer types versus normal control tissues, whereby 131 are significantly hypomethylated, 47 are hypermethylated, and 47
are either hypomethylated or hypermethylated in a cancer type-dependent manner. Cox regression analysis on PanCan TCGA cohort data showed that more hypothan hyper- methylated JIGs are correlated with either poor (“bad,” red color) or favorable (“good,” blue color) patient outcomes. Bars represent SEM.

cancer types from PanCan TCGA cohort (Liu et al., 2018).
Interestingly, correlation analyses implied that a large fraction
of JIGs are co-expressed in patient tumors, with a tendency to
preserve their crosstalks. In particular, relative to the control
lists JIGs demonstrated increased value of (i) median expression
correlation (MEC) per gene (JIG vs. control: 0.039 ± 0.045
vs. 0.008 ± 0.003, z = 6.99, p < 0.001, Figure 5B, red-boxed
diagram), and (ii) more and greater positive correlation areas
per gene (13.72 ± 13.05 vs. 3.04 ± 5.39, z = 33.6, p < 0.001,
Figure 5B, green-boxed diagram). Using Cox regression, we
deciphered all genes associated with patient survival, and
subsequently determined the percentage of significant prognostic
factors among JIGs. Overall, 227 JIGs correlated with patient
outcomes, and showed a higher ratio of poor versus favorable
prognostic factors (1.64:1, χ2 = 13.33, p < 0.001) compared to
the corresponding ratio of the control lists (1.25:1, χ2 = 2.79,
p = 0.095, correspondingly). We also found that 118 JIGs

Frontiers in Cell and Developmental Biology | www.frontiersin.org

are both, deregulated in highly aggressive states in CCLE and
correlated with patient outcomes in PanCan, with a ratio of
1.68:1 for poor versus favorable prognostic factors (χ2 = 7.63,
p < 0.006) as opposed to the corresponding 0.93:1 ratio of the
control lists (χ2 = 0.1, p = 0.755, Figure 5C and Supplementary
Table 3). Collectively, JIGs appear to become deterministically
deregulated in highly invasive cells, with frequent transactivation
events, and predict poor patient outcomes. Similar alterations
in JIGs also occur in metastatic lesions. In particular, we
additionally compared these data with transcriptomes of primary
versus metastatic lesions from breast, colon, hepatocellular,
medulloblastoma, melanoma, and prostate cancers, that were
retrieved from the GEO database (Clough and Barrett, 2016).
We found that more JIGs that were poor prognostic factors in
PanCan cohort are deregulated in metastases, as opposed to the
corresponding favorable factors (1.85:1, χ2 = 15.21, p < 0.001,
Figure 5D and Supplementary Table 3).
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FIGURE 5 | JIGs are transcriptionally deregulated in invasive/metastatic stages and predict clinical outcomes in a cancer type-dependent manner. (A) JIG transcripts
are deregulated in the highly invasive versus the less-invasive CCLE cell lines, and the total percentage is 1.8-fold higher than the corresponding percentage of
control lists. Red: upregulated, blue: downregulated, pink: cancer type-dependent deregulation. Error bars represent mean with SD. (B) Red-boxed diagram: median
expression correlation (MEC) in PanCan and SD of MEC (pink boxes) are higher among JIGs compared to random lists (shown are the 100 medians of MEC with
maximal SD). Green-boxed diagram: the differences of positive versus negative area of correlation per gene show (a) a significantly larger span and (b) over all a
higher positive value compared to 100 random gene lists. Pink lines represent the median, pink boxes represent SD. (C) Cox regression analysis of JIGs on the
survival of the TCGA PanCan cohort. 227 JIGs correlated with patient outcomes, of which 141 predicted worse and 86 better outcomes. Among 159 deregulated
JIGs in highly-aggressive states across several cancer types of CCLE, 118 JIGs (74.2%) influence patient prognosis. Of those, 74 (62.7%) (pie chart, blue) had an
adverse effect, 51 were exclusively upregulated in aggressive states of CCLE (CCLE UP, plain red), while additional 10 JIGs were upregulated in some as well as
downregulated in other cancer types (CCLE UP/DN, plain pink). Only 44 JIGs differentially expressed in CCLE (dashed blue, plain blue, and dashed pink) had a
beneficial effect on survival prognosis (pie chart, green). (D) Transcriptional deregulation of JIGs in metastases versus primary tumor or normal tissue, and correlation
with JIGs that affect patient prognosis in PanCan. JIG deregulations in 6 metastatic cancer types are more correlated with poor outcomes (1.85:1). (E) Survival
analysis for JIGs across different TCGA cancers. The prognostic potential of JIGs depends on the cancer type. In the majority of cancer types, more JIGs are
associated with poor prognosis and less with favorable prognosis. No cancer tissue was found unaffected by JIGs.
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TABLE 1 | Effects of JIGs on cancer patient prognosis (in descending order of total number of JIGs that affect each cancer type).
Abbreviation

Cancer type

Number of JIGs associated
with poor prognosis

Number of JIGs associated
with favorable prognosis

KIRC
LGG

Kidney renal clear cell carcinoma

115

87

Brain Lower Grade Glioma

130

49

KIRP

Kidney renal papillary cell carcinoma

112

46

PAAD

Pancreatic adenocarcinoma

89

47

UVM

Uveal Melanoma

75

52

ACC

Adrenocortical carcinoma

77

49

MESO

Mesothelioma

88

25

BLCA

Bladder Urothelial Carcinoma

89

21

LIHC

Liver hepatocellular carcinoma

75

29

STAD

Stomach adenocarcinoma

72

21

UCEC

Uterine Corpus Endometrial Carcinoma

54

33

LUAD

Lung adenocarcinoma

46

40

AML

Acute Myeloid Leukemia

60

23

SKCM

Skin Cutaneous Melanoma

42

39

LAML

Acute Myeloid Leukemia

18

58

LUSC

Lung squamous cell carcinoma

40

34

SARC

Sarcoma

55

17

KICH

Kidney Chromophobe

34

35

HNSC

Head and Neck squamous cell carcinoma

34

33

CESC

Cervical squamous cell carcinoma and endocervical adenocarcinoma

39

25

BRCA

Breast invasive carcinoma

26

32

THYM

Thymoma

19

33

OV

Ovarian serous cystadenocarcinoma

31

19

THCA

Thyroid carcinoma

41

9

COAD

Colon adenocarcinoma

33

16

ESCA

Esophageal carcinoma

15

25

GBM

Glioblastoma multiforme

24

15

PCPG

Pheochromocytoma and Paraganglioma

21

16

PRAD

Prostate adenocarcinoma

10

26

WT

Wilms Tumor

7

29

READ

Rectum adenocarcinoma

24

8

DLBC

Lymphoid Neoplasm Diffuse Large B-cell Lymphoma

14

11

CHOL

Cholangiocarcinoma

17

3

UCS

Uterine Carcinosarcoma

7

11

TGCT

Testicular Germ Cell Tumors

1

5

Next, we estimated the effect of each JIG on prognosis for
individual cancer types, using Cox regression (Figure 5E, Table 1,
and Supplementary Table 4). We found that all JIGs correlate
with patient outcomes and that a single JIG can affect prognosis
of at least three cancer types. Although there were JIGs implicated
in as many as 16 cancer types, no single JIG was universally
associated with prognosis in all 35 cancers. Rather, their effect is
cancer type-dependent. The top-ten most impacted cancer types,
ranked by the total number of JIGs affecting, either beneficially
(left) or detrimentally (right), the disease outcome are KIRC,
LGG, KIRP, PAAD, UVM, ACC, MESO, BLCA, LIHC, and STAD.

to the neural crest (Sauka-Spengler and Bronner-Fraser, 2008),
and especially to the cranial neural crest cells, from which
cartilage is exclusively formed (Martik and Bronner, 2017).
Evolutionary Developmental (Evo-Devo) biology studies
comparing embryonic programs in jawless versus early
jawed chordates indicate that instead of appearing de
novo, jaws have rather arisen through the co-option of an
ancient developmental pre-pattern (Cerny et al., 2010), in
association with corresponding changes in the underlying
GRNs. Jaw evolution was driven by incorporation of new
genes into a pre-existing dorso-ventral patterning program,
which altered the identity of jaw-forming chondrocytes
(Cerny et al., 2010). For instance, some transcription
factors are components of neural crest GRNs in both,
jawed and jawless vertebrates, while other transcription
factors are cranial neural crest-specific and included
in gnathostomes, but missing from lampreys’ GRNs
(Martik and Bronner, 2017).

Gnathostome-Specific JIGs Are
Preferably Deregulated During Cancer
Progression
The developmental origin of the cartilaginous jaw consists a
turning point in vertebrate evolutionary history and is attributed
Frontiers in Cell and Developmental Biology | www.frontiersin.org
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FIGURE 6 | Cancer progression and metastasis are associated with deregulation of evolutionarily younger JIGs. Red indicates gnathostome-specific, green
indicates pre-gnathostome orthologs. In all pie charts, the outer, ring represents the composition of the total 305 JIGs in gnathostome-specific (light red) and
pre-gnathostome (light green) JIGs. (A) Cox regression analysis of JIGs in PanCan revealed that 51.6% of gnathostome-specific orthologs predict worse and only
20.1% better prognosis (ratio 2.56:1) versus 40.4 and 37.0% (ratio 1.09:1) in pre-gnathostome genes. (B) In metastasis, a slightly higher number of
gnathostome-specific JIGs is deregulated compared to the pre-gnathostomes (inner circle). (C) Estimation of gnathostome versus pre-gnathostome genes that are
deregulated in a setting of xenograft experimental evolution. Diagram: among the 700 genes which were identified as drivers of tumor evolution, significant
enrichment of JIGs was found (6.89%, or 21 genes) as compared to random lists (3.08 ± 0.98%). Pie: of the 21 deregulated JIGs, 14 (66.7%) were of gnathostome
and 7 (33.4%) of pre-gnathostome origin.

the 700 genes which underwent driver expression changes,
on the basis that their expression was exclusively increasing
or decreasing (Chen et al., 2015), we found that JIGs are
significantly enriched (z = 3.9, p < 0.001), while their majority
tends to be of gnathostome rather than pre-gnathostome origin
(14:7, χ2 = 1.71, p = 0.19, Figure 6C and Supplementary
Table 3). Collectively, the strong correlations of gnathostomespecific genes with poor and metastatic outcomes, as well
as with drivers of experimental tumor evolution underscore
a preference for deregulation of evolutionarily younger JIGs
toward tumor progression.

According to the abovementioned Evo-Devo concepts, the
JDN components do not have a similar evolutionary age.
It is rather plausible that gene homologs which arose in
gnathostomes might have got interconnected with a network
that pre-existed in agnatha, perhaps to support morphological
novelty. Motivated by this, we questioned whether invasive
cancer cells show preference to “usurp” the pre-existing genes
or the ones that were incorporated to the JDN after the
divergence of jawed vertebrates from cyclostomes. In this
respect, we approximated the evolutionary age of all JIGs
(Supplementary Table 5) and assessed the effects of pregnathostome versus gnathostome-specific orthologs on cancer
progression. Importantly, to eliminate bias in the estimation
of the JIGs’ evolutionary age from partially sequenced animal
genomes, we included only model organisms with well-annotated
genomes. We found that of 305 JIGs, 159 JIGs probably
originated in jawed vertebrates, since no “true orthologs” of
their corresponding proteins could be detected in jawless species,
whereas the other 146 JIGs are of pre-gnathostome origin.
Cox regression analysis in PanCan revealed that a higher
number of gnathostome-specific JIGs is associated with poor
patient outcomes, as opposed to the pre-gnathostome JIGs
with an almost equal distribution (82:32 vs. 59:54, χ2 = 8.56,
p < 0.002, Figure 6A). Consistently, a tendency toward
transcriptional deregulation of gnathostome-specific versus pregnathostome JIGs was observed in metastases compared to
primary tumors (χ2 = 1.09, p < 0.296, Figure 6B). We also
performed a similar meta-analysis on data produced in a
mouse experimental setting, where a tumor’s evolution from
initiation to metastasis has been simulated in vivo via sequential
xenografting (Chen et al., 2015). We estimated gnathostome
versus pre-gnathostome genes that are deregulated in a setting
of xenograft experimental evolution, where a tumor’s fulllife history from initiation to metastasis was simulated by
transforming the immortalized human breast epithelial cell line
with HRAS and performing sequential xenografting in mice
until metastases were observed (Chen et al., 2015). Among
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Deregulated Expression of JDN
Components During Cancer Progression
Is More Pronounced in the
Gnathostome-Specific Hubs
JIGs appear to form a highly interconnected network
(Figure 3D). In biological networks, the most highly connected
nodes, the so-called “hubs,” are considered biologically significant
and more relevant to the overall function of the network
(Barabási et al., 2011; Kontou et al., 2016; Pavlopoulos et al.,
2018). The intra-modular hubs are central to a given network
module, with the highest number of connections to the
neighboring nodes, whereas inter-modular hubs are intermediate
between two or more modules. Taking this into account, we
sought to investigate whether gnathostome-specific genes that
are deregulated in cancer also occupy hub positions in the
JDN. First we identified, through STRING network analysis, 60
nodes representing intra- and inter-modular hubs (Figure 7A).
By approximating their evolutionary age, we found that these
hubs correspond largely to gnathostome-specific versus pregnathostome orthologs (Figure 7B and Supplementary Table 5).
Upon comparison of these 60 hubs to CCLE-derived data,
we found that 33 (55.0%) of them are deregulated in highly
invasive cancer cells, 25 of which are of gnathostome-, and 8 of
pre-gnathostome origin (χ2 = 7.76, p = 0.005).
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FIGURE 7 | Deregulations of gnathostome-specific hubs of the JDN are more frequent associated with invasive and metastatic stages, as opposed to
pre-gnathostome hubs. (A) Functional interaction network (confidence interaction score ≥ 0.9) of the gnathostome-specific and pre-gnathostome JIG hubs. The size
of the nodes is proportional to the node degree in the “original” JDN network in Figure 3d. The 60 nodes that represent intra- and inter-modular hubs in the original
network appear to be interconnected and form a rather dense network. (B) The gnathostome-specific genes make up 52% (159) of all 305 JIGs (outer ring “JIG
total,” red), whilst the proportion of gnathostome hubs is significantly enriched in relation to the pre-gnathostome (inner circle “hubs,” red). (C) More
gnathostome-specific hubs that are deregulated in CCLE cells are correlated with worse prognosis in PanCan cohort (ring “bad hubs,” red). In contrast, more
pre-gnathostome hubs tend to correlate with favorable than poor prognosis (compare ring “bad hubs” with inner circle “good hubs,” green). (D) More
gnathostome-specific hubs are found deregulated, compared to the pre-gnathostome ones, in metastatic lesions (inner ring). This preference is more pronounced
for hubs commonly deregulated in metastatic samples and CCLE cells (inner circle).

Notably, all 33 JDN hubs predicted by this approach are
indeed causatively linked with invasiveness and/or metastasis
in a cancer type-dependent manner, according to experimental
evidence in the preclinical setting (Supplementary Table 6). In
particular, studies using in vitro cell lines, mouse xenografts
and/or patient samples underscore that most of the hubs promote
tumor progression and metastasis. Further data curation in
the clinical trials database showed that for several of these
hubs, molecular modifiers have been developed and entered
clinical trials, either as monotherapies or as combination
regimens. In addition, screenings in the drugs.com online
pharmaceutical encyclopedia and the publicly available database
of the United States Food and Drug Administration (FDA)
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indicated that small molecules targeting six of these hubs
are already approved and marketed drugs for the treatment
of aggressive and metastatic cancers. Indeed, as shown in
Supplementary Table 6, our model was able to identify EGFR
which is targeted by approved drugs such as cetuximab,
dacomitinib and erlotinib; members of the VEGF (VEGFA/KDR)
pathway which are targeted by, for example, bevacizumab,
pazopanib or sorafenib; members of the FGFR family of
receptors, which are targeted by erdafitinib or pemigatinib;
and effectors of the hedgehog signaling pathway (SMO, SHH)
which are targeted by glasdegib, sonidegib or vismodegib. Other
factors, such as GLI2, GLI3, CDON, MEF2C, PITX, SFN,
SPRY2, WNT3A and WNT5A (Supplementary Table 6), show
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with frequent transactivations in invasive and metastatic stages,
and a preference for enhanced transcription of the gnathostomespecific versus the ancient ones. These data strongly suggest that
the same genes/gene interactions underlying key innovations are
also preferentially co-opted within the tumor context toward
aggressive outcomes. Certain structures which provide selective
advantages at an organismal level, such as placenta development
(Costanzo et al., 2018), neural crest formation (Kerosuo and
Bronner-Fraser, 2012), and jaw development (this study) may
be “hacked” by cancer cells to improve their own fitness,
manifested as metastatic potential. The preference of invasive
cancer cells to usurp evolutionarily newer hubs of the JDN
further reinforces this notion. This observation also implies
that there might be a trade-off between the vulnerability to
metastasis and the conservation of key innovations that are
indispensable for vertebrate fitness and, thus, cannot undergo
secondary losses.
Successful prediction of the likely paths of tumor progression
is valuable for diagnostic, prognostic, and treatment purposes,
but effective models are still not in place (Diaz-Uriarte
and Vasallo, 2019). For establishing such prediction models
and designing drugs that target events of tumor evolution
(Amirouchene-Angelozzi et al., 2017), it is essential to unveil
parallels between organismal and clonal selection. Based on our
findings, we introduce a systems-based, key innovation-driven
model, as an in silico tool for prediction of putative prometastatic
drivers, on the rationale that genes that are crucial for evolution
of a species might be important for tumor evolution. The fact
that the results derived using this model are in agreement with
the bulk of preclinical studies and with clinical interventions
(see Supplementary Table 6 for details) underscores both, the
prediction accuracy of this approach and the translational value
of these candidates. In particular, our computational model
predicted 33 hub JIGs that are deregulated in highly invasive cell
lines of CCLE, consistently with experimental in vitro, in vivo
and/or in patient evidence that these genes mainly support
cancer progression. Several of these gene targets have already
been translated to marketed drugs, while other factors predicted
by this model might represent promising novel targets, since
they show consistent metastasis-inducing effects across several
cancers. New molecular entities able to inhibit these candidates
can be developed and be further assessed in the clinical setting
for their potential to prevent metastatic progression or disease
recurrence. Out of these 33 hubs, 25 are of gathostome- versus
8 of pregnathostome-origin, indicating a pronounced tendency
of cancer cells to usurp the evolutionarily-younger hubs of the
JDN network in order to evolve to aggressive stages. Hence,
taking into account that a tumor may progress by usurping
genes specifically related with vertebrate key-innovations, this
model may hold a potential to facilitate the prediction of tumor
evolutionary trajectories.
A main future challenge is to design comprehensive
experimental settings, where associations between key
innovations and metastasis could be investigated at the
mechanistic and molecular level, in parallel with corresponding
cancer phenotypes. Studies in primitive metastasis-competent
taxa versus the incompetent ones could facilitate reconstruction

a consistent metastasis-promoting role across several cancer
types in preclinical studies, which provides a foundation for
the development of molecular modifiers against them and their
introduction to clinical trials.
Regarding the age of the hubs of JDN in relation with
tumor invasiveness, our studies indicate that among the 60
JDN hubs, the evolutionarily younger ones tend to be more
frequently deregulated in aggressive states. The tendency for
deregulation of gnathostome-specific hubs as compared to
the pre-gnathostome hubs is clinically relevant for cancer
patients. We found that more gnathostome-specific hubs are
correlated with worse than favorable prognosis (17:10 hubs,
correspondingly), whereas the opposite applies for the pregnathostome hubs (4:9, χ2 = 2.47, p = 0.116, Figure 7C). In
addition, aberrant transcription of more gnathostome-specific
than pre-gnathostome hub JIGs was observed in metastatic
versus primary tumors (35:12 = 2.92, χ2 = 11.26, p < 0.001,
Figure 7D). This effect is particularly observed among those
hubs that are deregulated in highly invasive cancer cell lines
(25:8 = 3.13, χ2 = 8.76, p = 0.003, Figure 7D). Overall, there
is a preference for transcriptional deregulation of gnathostomespecific hubs in the invasive and metastatic stages. Taken together,
these results indicate a prevalence of gnathostome-specific genes
in occupying hub positions in JDN. However, at the same
time, these are preferentially exploited by cancer cells over pregnathostome hubs to promote cancer aggressiveness.

DISCUSSION
Cancer is considered an evolutionary and ecological process
(Merlo et al., 2006). A neoplasm consists of genetically and
epigenetically heterogeneous cell populations that compete
for space and resources, evade immune surveillance and
cooperate to disseminate to secondary organs. The fitness of
cell subpopulations is further shaped by their interactions
with cellular and molecular components of the tumor
microenvironment. The fittest, or “evolutionarily successful,”
cell variants are those acquiring capabilities which increase the
probability to obtain metastatic potential (Merlo et al., 2006).
Darwinian laws apply to both, the tumors and the organisms
on which tumors grow. Somatic selection occurs along with
organismal selection, following “a mirror within a mirror”-like
pattern: heterogeneous cell subpopulations of a growing tumor
undergo selection of the fittest within a population of organisms
which is under constant evolutionary pressure. Although the
timeframe for clonal selection of tumor cells (in months or years)
is significantly more narrow than for species selection (millions
of years), it is reasonable to envisage that, at a given evolutionary
time point, the attributes encoded in the genome of a specific
species can be accessed by its cancerous tumor.
Herein, we provide compelling evidence that metastasis
is phenotypically manifested within the gnathostome clade,
and that genes which are essential for jaw development, a
hallmark macroevolutionary trait of gnathostomes, are co-opted
during cancer progression. Genes supporting jaw developmental
programs tend to undergo mutational and epigenetic changes,
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guide recurrent routes to metastasis, thereby providing a
foundation for the rational design of strategies that prevent
cancer evolution.

of the evolutionary history of metastasis by identifying which
molecular events that catalyzed gnathostome evolution have also
consistently benefited the evolution of primary tumors toward
more aggressive stages. Advantageously, a well-established EvoDevo study system of gnathostomes versus pre-gnathostomes,
amenable to experimental and genetic manipulations at
embryonic stages (Kuratani et al., 2002; Cerny et al., 2010;
Jandzik et al., 2015), could be repurposed for cancer research.
This in vivo system is comprised of three chordata species
of the same evolutionary lineage, presenting progressively
aggressive cancer phenotypes from the most ancient to the
most recent: amphioxus, the most basal extant chordate, with
benign tumors; the metastasis-incompetent jawless lampreys;
and the metastasis-competent jawed zebrafish. By comparing
lamprey and amphioxus development with that of zebrafish, and
other vertebrates like frog and salamander, Evo-Devo specialists
attempt to reconstruct genetic and developmental changes
underlying the major events in vertebrate evolution (Kuratani
et al., 2002; Cerny et al., 2010; Jandzik et al., 2015). Subjecting
this system into carcinogenic treatments and comparatively
examining the developing lesions in conjunction with genetic
and functional changes might provide a glimpse into conserved
pathways which are consistently recapitulated in metastases.
For instance, it could be investigated whether absence of certain
gnathostome-specific genes/gene interactions in the jawless
organisms hinders activation of prometastatic cascades in their
respective tumors, as opposed to their jawed counterparts.
Moreover, studies on cancer-resistant pre-vertebrates, such as
echinoderms, urochordates and cephalochordates, could also be
considered to dissect their cancer resilience in relation with their
hallmark attributes, for instance their increased regeneration
ability (Somorjai et al., 2012).
Our key innovation-driven model underscores a preference
of invasive tumors for usurping evolutionarily newer features.
Otherwise, a recent concept, known as “atavistic model,” asserts
that neoplasms rely on re-expression of ancestral traits and
reverse evolution from multicellularity (MC) to unicellularity
(UC; Bussey et al., 2017), which is likely promoted by
upregulation of UC genes, disruption of interconnectedness
between UC and MC genes (Trigos et al., 2017) and lossof-function mutations on MC genes (Chen et al., 2015).
Furthermore, recent studies show that metastatic competence
arises from heterogeneous cancer cell populations without
the need for acquisition of additional mutations, and is
benefited from further selection of tumor-initiating mutations
that seed primary tumorigenesis (Jacob et al., 2015). By
unifying these notions, we propose that tumor initiation
may be triggered by mutations in evolutionarily old genes
governing processes at the “dawn” of multicellularity, such
as cell proliferation and genomic stability (Lineweaver et al.,
2014). Such alterations in ancient genes may confer genetic
heterogeneity (Chen et al., 2015), which is the driving force
of evolution. Subsequently, tumor progression may be enabled
via selection of clones that entail crosstalks between tumorinitiating mutations already acquired at primary tumor cells
and evolutionarily-young genes that support gnathostome keyinnovations. Future studies could uncover if such crosstalks
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Supplementary Figure 1 | Maximum likelihood-based tree of protein sequences
of the p53 family. A characteristic example of the well-studied p53 gene family,
where distinct orthologs of the three members of this family (i.e., TP53, TP63 and
TP73) were found exclusively in gnathostome species. The agnathan p53
homologs occupy a basal position in this phylogenetic tree, suggesting that a
primordial TP53/63/73 gene might have existed in jawless species which after a
series of duplications gave rise to the functionally divergent TP53, TP63 and TP73
genes in jaw-bearing vertebrates.
Supplementary Table 1 | Taxa under study in correlation with their tumor
characteristics, their circulatory and immune systems, the level of body
organization and their ability to develop metastatic or lethal cancers.
Supplementary Table 2 | Mouse gene knockouts which present jaws
abnormalities. The human orthologs are included. The ratio of the jaw-related
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phenotypes to all developmental phenotypes affected by each gene
knockout is also shown.

GSE8401), mmu_metast_driver = included among metastasis driver genes in a
mouse model of tumor evolution.

Supplementary Table 3 | Associations of each JIG with genetic and epigenetic
alterations in tumors, survival of PanCan patients, and expression in highly
invasive or metastatic stages. Column annotations: CGC = included in the Cancer
Gene Census list, Cancer driver = included among the cancer driver genes in
PanCan, freqmut = included among the frequently mutated genes in PanCan,
Methylation = differentially methylated JIGs in human tumors versus normal tissue,
from DiseaseMeth database (hypo = hypomethylated, hyper = hypermethylated),
CCLE = up- or down-regulated in highly-invasive vs. less-invasive human cells
from the CCLE, Survival = impact on the survival prognosis of the patients from
the PanCancer cohort based on Cox regression analysis, hsa_Metastases = upor down-regulated in human metastatic vs. primary lesions (GSE21510,
GSE2509, GSE25976, GSE43837, GSE468, GSE6919, GSE7929, GSE7930,

Supplementary Table 4 | JIGs and their effect on patient survival prognosis
across different cancer types of TCGA based on Cox regression analysis.
Annotations: poor prognosis = 1, favorable prognosis = -1, insignificant = 0.
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The tumor suppressor p53 and its oncogenic sibling p63 (1Np63) direct opposing fates
in tumor development. These paralog proteins are transcription factors that elicit their
tumor suppressive and oncogenic capacity through the regulation of both shared and
unique target genes. Both proteins predominantly function as activators of transcription,
leading to a paradigm shift away from 1Np63 as a dominant negative to p53 activity. The
discovery of p53 and p63 as pioneer transcription factors regulating chromatin structure
revealed new insights into how these paralogs can both positively and negatively
influence each other to direct cell fate. The previous view of a strict rivalry between
the siblings needs to be revisited, as p53 and p63 can also work together toward a
common goal.
Keywords: p53, p63, tumor suppressor, oncogene, transcription factor, pioneer factor

INTRODUCTION
The p53 transcription factor family comprises the three members p53, p63, and p73. Although
it is evolutionarily the youngest, p53 is the eponymous member of the family. The transcription
factors evolved from an ancestral p63/p73 gene that can be found in most invertebrates (Belyi
et al., 2010; Rutkowski et al., 2010). While the ancestral p63/p73 gene protects organismal integrity
and the germ line by inducing cell death upon DNA damage, higher vertebrates possess all three
p53 family members with diversified functions. In particular the intricate relationship between
the family members and their overlapping and opposing functions have been subject to intense
research and debate.
The family matters are complicated by the fact that p53, p63, and p73 comprise multiple
isoforms. The TP53, TP63, and TP73 genes encode for major isoform groups that are controlled by
distinct promoters leading to transcripts that differ in their N-terminus (Murray-Zmijewski et al.,
2006). In the case of TP63, these isoforms are highly cell type-dependent. The long isoform TAp63 is
mainly expressed in germ cells and the shorter 1Np63 isoform is predominantly expressed in basal
and stratifying epithelia. In contrast, full-length p53 is expressed across essentially all tissues. In
addition to different N-termini generated through alternative promoter usage, alternative splicing
leads to additional isoforms for each p53 family member that differ in their C-termini, such as α, β,
and γ isoforms (Murray-Zmijewski et al., 2006).
The full-length isoforms p53α, TAp63α, and TAp73α function as haplo-insufficient tumor
suppressors (Venkatachalam et al., 1998; Flores et al., 2005). In addition, p73 functions in
neuronal development, multi-ciliated cell differentiation, and metabolism (Nemajerova et al.,
2018). In contrast, 1Np63 governs epidermis development (Mills et al., 1999; Yang et al., 1999)
and is an oncogenic driver that is overexpressed or amplified in squamous cell carcinoma
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analyses of chromatin immunoprecipitation (ChIP-seq) (Yang
et al., 2006; Kouwenhoven et al., 2010; McDade et al., 2012) led to
the identification of p63 recognition motifs with high similarity
to p53 motifs that sill showed some uniqe characteristics. These
unique characteristics, however, differed substantially between
the studies. A recent study addressed the question of p53 and
p63-specific DNA recognition motifs using a meta-analysis of
ChIP-seq datasets combined with an iterative de novo motif
search approach (Riege et al., 2020). The results imply that p53
relies on one CWWG core motif with flanking regions, while
p63 relies on two CNNG (N = A/C/G/T) core motifs with little
importance of flanking regions. These findings support and
expand one of the models established earlier (McDade et al.,
2014) and explain a substantial number of genomic regions that
are bound by only p53 or p63 (Riege et al., 2020; Figure 1B). DNA
recognition motifs alone, however, cannot explain productive
binding of p53 or p63, which occurs when p53 or p63 bind
to a genomic region that functions as a cis-regulatory region
to transcriptionally regulate a proximal or distal gene that is
linked to it. In fact, p53 and p63 regulate largely non-overlapping
gene sets (Gallant-Behm et al., 2012; Riege et al., 2020), which
indicates that additional layers of regulation play an important
role in p53 and p63-mediated gene regulation.

(Campbell et al., 2018; Gatti et al., 2019). The opposing directions
in tumor development driven by the tumor suppressor p53α
(p53 hereafter) and the proto-oncoprotein 1Np63 involve the
potential for a serious sibling rivalry. During the past two
decades, the relationship between p53 and p63 has been the basis
for several hypotheses and debates. Here, we provide an updated
view on this relationship with an emphasis on recent genomewide studies and we discuss whether these siblings might get
along as much as they fight.

HISTORY FUELED A SIBLING RIVALRY
In 1998, the discovery of p63 laid the foundation for a history
of sibling rivalry with its more famous sibling p53. The first
study of p63 found that both its full-length isoform TAp63 and
the shorter 1Np63 can bind to DNA motifs that are similar
to those of p53, but only TAp63 harbored a transactivation
domain (TAD). In contrast to TAp63, 1Np63 lacked a canonical
TAD and was found to confer negative effects over other p53
family members and its own isoforms (Yang et al., 1998). The
function of 1Np63 as dominant negative regulator of its family
members was fueled by the initial and additional reporter assays
using exogenous expression of different isoforms of p53 family
members (Yang et al., 1998; Westfall et al., 2003). While Yang
et al. (1998) used a minimal promoter containing multiple p53
binding sites to drive a β-galactosidase reporter, Westfall et al.
(2003) employed promoter regions of CDKN1A (p21) containing
known p53 binding sites to drive a luciferase reporter. Both
studies showed that high expression of 1Np63 was associated
with a reduced ability of p53 to trans-activate the reporter genes,
highlighting a potential sibling rivalry (Figure 1A).

ENGAGING CHROMATIN – THE
PIONEER ROLE OF THE p53 FAMILY
Generally, transcription factors bind to nucleosome-free DNA
and are inhibited by nucleosomes. This rule is broken by
pioneer transcription factors, which can bind to nucleosomal
DNA either sequence-dependent or independent (Zaret and
Mango, 2016). Numerous recent studies suggest that the p53
family of transcription factors are pioneer transcription factors
(Sammons et al., 2015; Yu and Buck, 2019; Yu et al., 2021;
Figure 2A). Indeed, differential pioneer activity of p53 and p63
has the potential to explain some of the observed gene regulatory
differences between these two siblings.
p53 can bind to nucleosomal DNA, although this strongly
depends on the specific location of the response element relative
to the nucleosome dyad (Sahu et al., 2010; Yu and Buck, 2019).
ChIP-seq studies suggest that about 50% of p53 binding sites
are nucleosome-occupied, but to date, the role of nucleosomebound p53 in transcription has only been studied at a single
gene level (Espinosa and Emerson, 2001; Laptenko et al., 2011).
A subset of p53 binding sites display de novo DNA accessibility
and potential enhancer activity upon p53 binding, suggesting a
requirement for p53 pioneer activity (Younger and Rinn, 2017),
although p53 is not required for accessibility at the majority of
its binding sites (Karsli Uzunbas et al., 2019). The full activity of
p53-bound regulatory regions depends on other factors, such as
SP1 and the AP-1 family (Daino et al., 2006; Catizone et al., 2020),
but whether they facilitate DNA accessibility or other aspects of
transcriptional activation is not fully understood.
Given the high sequence and functional homology to p53,
perhaps it is unsurprising that p63 has also emerged as a
pioneer transcription factor with similar nucleosomal constraints

DNA RECOGNITION SEQUENCE
SPECIFICITY
The p53 family shares a highly conserved DNA binding domain
(DBD) through which its members bind to very similar DNA
motifs. Consequently, p53, p63, and p73 share many binding
sites, but they also bind to many unique sites (Lin et al., 2009;
McDade et al., 2014; Riege et al., 2020). In agreement with
their ability to also bind to unique genomic sites, differences in
their DBDs have been reported with regard to thermostability,
hydrophobic potentials (Enthart et al., 2016), zinc-coordination
(Lokshin et al., 2007), and redox sensitivity (Tichý et al., 2013).
In addition to small differences in their DBD, the different
C-terminal domains of the p53 family may affect their DNA
binding specificity (Sauer et al., 2008; Laptenko et al., 2015).
For example, p53 is well-established to bind to two decameric
half sites that both harbor the sequence RRRCWWGYYY
(R = A/G; W = A/T; Y = C/T). The substantial number
of unique genomic sites bound by p53 and p63 motivated
a series of studies that investigated potential differences
in their DNA recognition motifs. Using either systematic
evolution of ligands by exponential enrichment (SELEX)
(Ortt and Sinha, 2006; Perez et al., 2007) or high-throughput
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FIGURE 1 | (A) Simplified model of transcriptional repression by 1Np63 and its dominant negative effect on p53, largely based on Westfall et al. (2003). (B) DNA
motifs recognized either by both p53 and 1Np63 (common) or solely by p53 or 1Np63. Major motifs taken from Riege et al. (2020).

p63 and p53 regulate largely non-overlapping gene sets, and
argue that 1Np63 is more likely to activate than to repress
its target genes (Riege et al., 2020). While genome-wide data
revealed an essentially exclusive trans-activator function for p53
(Allen et al., 2014; Fischer et al., 2014, 2016a; Sullivan et al.,
2018; Sammons et al., 2020), a trans-repressor function could
not be ruled out for 1Np63 (Yang et al., 2006; Riege et al.,
2020). Interestingly, during epithelial cell maturation, 1Np63
represses early surface ectoderm gene promoters presumably
through chromatin looping-mediated recruitment of repressive
histone modifications (Pattison et al., 2018), providing a novel
mechanism for p63-mediated repression. The specific impact of
this, and the ability of 1Np63 to recruit negative transcriptional
regulators like histone deacetylases and histone variants (LeBoeuf
et al., 2010; Ramsey et al., 2011; Gallant-Behm et al., 2012), on p53
activity remains to be fully explored.
The predominant function of 1Np63 as trans-activator and
the small overlap between p63 and p53-regulated genes suggest
any model of 1Np63 functioning strictly as a dominant negative
regulator of p53 cannot be upheld. p53 and p63 have many
opportunities to regulate each other, given the high overlap
in genomic binding locations (McDade et al., 2014; Riege
et al., 2020). Importantly though, the 180 high-confidence direct
1Np63 targets and 343 high-confidence direct p53 targets
identified by meta-analyses of ChIP-seq and transcriptomic data
(Fischer, 2017; Riege et al., 2020) contain an overlap of only 23
genes, 19 (>82%) of which are commonly up-regulated by p53
and 1 Np63.
Having this much organized data at hand, what do we know
we about CDKN1A and SFN, the genes that initially fueled
p53 and p630 s history of sibling rivalry (Westfall et al., 2003)?
CDKN1A has been identified in essentially all p53 ChIP-seq and
transcriptome profiling datasets as a direct p53 target gene. While
1Np63 can bind to the CDKN1A promoter, only 4 and 3 out of 16
datasets on 1Np63-dependent gene regulation identified 1Np63
to significantly up and down-regulate CDKN1A, respectively.
SFN was identified as a direct p53 and 1Np63 target that is

(Yu et al., 2021). Control of cell type-specific chromatin
accessibility and gene expression is a feature shared by many
other pioneer transcription factors (Iwafuchi-Doi and Zaret,
2014, 2016; Zaret and Mango, 2016). Unlike p53, p63 has a
widespread role in establishing and maintaining accessible DNA
at transcriptional regulatory regions associated with epithelial
cell maturation (Bao et al., 2015; Kouwenhoven et al., 2015;
Qu et al., 2018; Li et al., 2019; Lin-Shiao et al., 2019). The
identification of p63 as a pioneer factor for epithelial-specific
regulatory elements provides a direct molecular connection to
the long-known genetic requirement for p63 in epithelial biology.
We are just beginning to understand the specific contexts in
which p53 and p63 use their pioneer factor activity, or don’t
(Figures 2A,B). Nucleosomes, and chromatin structure in
general, remain a potent regulator of transcription factor activity,
including the pioneers p53 and p63.

p53 AND p63 – DUELING RIVALS?
The initial model of 1Np63 functioning as repressor and
dominant negative regulator of its siblings was based on its
missing TAD (Yang et al., 1998), and was fueled by experiments
using reporter gene assays and exogenous expression of p63 or
its siblings (Yang et al., 1998; Westfall et al., 2003; Figure 1A).
Wild-type p53 and p63 are unlikely to form oligomers in vivo
(Davison et al., 1999; Gaiddon et al., 2001), ruling out the
formation of p53:p63 heterotetramers as a mechanism for any
dominant negative activity. Notably, 1Np63 was found to
harbor alternative TADs that enable it to trans-activate genes
(King et al., 2003; Helton et al., 2006). Results from the first
integration of 1Np63 ChIP-seq and transcriptomic data revealed
1Np63 genome binding to be associated largely with transactivation (Yang et al., 2006). Transcriptome analyses revealed
that p63 and p53-regulated genes show only very little overlap
(Gallant-Behm et al., 2012), which was inconsistent with 1Np63
functioning as a negative regulator of its siblings. A broad metaanalysis of ChIP-seq and transcriptomic data corroborated that
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FIGURE 2 | (A) p53 and 1Np63 can act as pioneer factors to evict/remodel nucleosomes and facilitate DNA accessibility, although other pioneer factors are likely
responsible for nucleosome eviction at the majority of p53/1Np63 binding sites. (B) Certain nucleosome contexts, such as when the p53/p63 RE motif is near the
nucleosome dyad, are recalcitrant to p53 and/or 1Np63 pioneer factor activity and remain unbound (Yu and Buck, 2019; Yu et al., 2021). (C) In epithelial cell types,
p53 DNA binding can be facilitated by 1Np630 s pioneer factor activity, although specific biochemical mechanisms are still being fully elucidated.

sites and diminishes the ability of p53 to activate nearby genes
(Karsli Uzunbas et al., 2019). These sites are nucleosome rich with
little to no DNA accessibility in the absence of 1Np63 (Thurman
et al., 2012), and p53 does not bind these sites in non-epithelial
cell types (Nguyen et al., 2018; Karsli Uzunbas et al., 2019).
Presumably, this is due to the ability of 1Np63 to mediate local
chromatin accessibility with its pioneer factor activity (Sammons
et al., 2015; Karsli Uzunbas et al., 2019). Modulation of local and
distal chromatin states, be it to facilitate transcriptional activation
(Fessing et al., 2011; Bao et al., 2015; Li et al., 2019; Catizone
et al., 2020) or repression (Gallant-Behm et al., 2012; Pattison
et al., 2018) appears to be a key function of 1Np63 and paves the
way for the field to resolve many of the incongruent observations
regarding 1Np630 s influence on p53.

typically up-regulated by both siblings (Fischer, 2017; Riege
et al., 2020). Together, these data suggest that the view of
1Np63 functioning as a potent negative regulator of p53 can
be rejected and replaced with a context-dependent model where
1Np63 functions as either a trans-activator or a repressor
depending on cell type and binding location. Future work will
undoubtedly be focused on better defining the context for these
opposing activities.

p53 AND p63 – COLLABORATIVE
PARTNERS?
Although they appear to regulate a mostly unique set of target
genes and have non-overlapping cellular roles, genetic evidence
suggests that p53 and p63 cooperate to regulate DNA damageinduced apoptosis in mouse embryonic fibroblasts (Flores et al.,
2002). p53 binds to cell cycle arrest target genes like CDKN1A
in the absence of p63, but was unable to interact with promoters
of the pro-apoptotic genes NOXA and BAX (Flores et al., 2002).
The specific molecular mechanisms regulating this apparent
collaborative effort for p53 and p63 are still unknown, but
the recent identification of 1Np63 as a pioneer transcription
factor provides one possibility. p53 genomic binding and gene
regulatory activity is expanded in epithelial cell types (McDade
et al., 2014; Sammons et al., 2015; Nguyen et al., 2018;
Karsli Uzunbas et al., 2019). These novel p53 binding sites
have epithelial cell-specific DNA accessibility, have chromatin
modifications associated with active enhancers, and, importantly,
are strongly bound by 1Np63. Inhibition of 1Np63 leads to
depletion of active transcription-associated hallmarks at these
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OPPOSING DIRECTIONS IN TUMOR
DEVELOPMENT
While current data suggest that p53 and 1Np63 are more likely
to cooperate than to compete at DNA, they remain functionally
quite different. Perhaps most importantly, 1Np63 promotes
while p53 restricts cellular growth. As a consequence, 1Np63 is
a key oncogenic driver in squamous cell carcinoma (Campbell
et al., 2018; Gatti et al., 2019) while p53 is the best-known tumor
suppressor. The context-dependent tumor suppressor role of p63
(Flores et al., 2005; Keyes et al., 2006) appears to be largely
reflected by the tumor suppressive function of the TAp63 isoform
that induces apoptosis and senescence (Gressner et al., 2005; Suh
et al., 2006; Guo et al., 2009). The contrary direction driven by p53
and 1Np63 in tumor development can be explained on the one
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hand by their unique target genes. While unique direct 1Np63
target genes encode for several proteins that promote squamous
cell cancer growth, inflammation, and invasion (Somerville et al.,
2018, 2020; Riege et al., 2020), unique p53 target genes encode
inducers of cell cycle arrest and apoptosis (Fischer, 2017). On the
other hand, there is the large set of cell cycle genes differentially
regulated by p53 and 1Np63 (Riege et al., 2020). p53 employs
its direct target gene CDKN1A, encoding the cyclin-dependent
kinase inhibitor p21, to reactivate the cell cycle trans-repressor
complexes DREAM and RB:E2F (Fischer et al., 2016a,b; Schade
et al., 2019; Uxa et al., 2019). While it is not completely
understood how 1Np63 up-regulates cell cycle genes, it was
suggested to inhibit the p21–p130 (DREAM) axis (Truong et al.,
2006; McDade et al., 2011) and to trans-activate multiple cell cycle
genes directly (Riege et al., 2020). We have a detailed picture of
how p53 down-regulates cell cycle genes and sustains cell cycle
arrest (Schade et al., 2019; Uxa et al., 2019). It remains unresolved,
however, whether the regulation of cell cycle genes is cause or
consequence of the growth-promoting function of 1Np63, as
it is well established that high expression of cell cycle genes is
associated with cancer and worse prognosis (Whitfield et al.,
2006). Together, the unique direct p53 and 1Np63 target genes
as well as the differential regulation of cell cycle genes elicited by
p53 and 1Np63 offer a partial, but direct, explanation for their
opposing functions in tumor development.

The other factors and precise context required for p53 and
1Np63 to elicit productive binding to DNA and to regulate
distinct target genes remain unclear. Although 1Np63 occupies
most sites that can be bound by p53, it appears to affect only
a very small subset of the associated genes. It is unknown how
1Np63 distinguishes between the many sites it activates, the
smaller number of sites it represses, and the majority of sites it
appears to not affect transcriptionally. Along those lines, when
and where are p53 and 1Np63 pioneer factors? The context and
the extent to which pioneer activity is required for p53 family
function remains an important and active area of investigation.
And how collaborative is their oft-forgotten sibling p73?
Despite beginning their relationship as rivals, p53 and
1Np63 appear to cooperate with each other when mutually
beneficial. Identifying the situations when these two transcription
factors are collaborators and when they are competitors may
provide a blueprint to better understand mechanisms of how
transcription factor families that share binding sites and target
genes coordinate their efforts.
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DISCUSSION
Sibling rivalry can happen in any family and it is no different
for the p53 transcription factor family. p63 was within p530 s
considerably large shadow from the beginning, but p63 has
started to step into the light with the discoveries of its clear
genetic requirement during development, regulation of a proepithelial gene network, and pioneer activity. Now, what are
the key questions that need to be addressed regarding the
collaboration and competition between p53 and p63?

FUNDING
This work was supported by grants from the National Institutes of
Health (R35 GM138120 to MS and T32 GM132066 to DW). The
publication of this manuscript was funded by the Open Access
Fund of the Leibniz Association.

REFERENCES

Daino, K., Ichimura, S., and Nenoi, M. (2006). Both the basal transcriptional
activity of the GADD45A gene and its enhancement after ionizing irradiation
are mediated by AP-1 element. Biochim. Biophys. Acta 1759, 458–469. doi:
10.1016/j.bbaexp.2006.09.005
Davison, T. S., Vagner, C., Kaghad, M., Ayed, A., Caput, D., and Arrowsmith,
C. H. (1999). p73 and p63 Are Homotetramers Capable of Weak Heterotypic
Interactions with Each Other but Not with p53. J. Biol. Chem. 274, 18709–
18714. doi: 10.1074/jbc.274.26.18709
Enthart, A., Klein, C., Dehner, A., Coles, M., Gemmecker, G., Kessler, H., et al.
(2016). Solution structure and binding specificity of the p63 DNA binding
domain. Sci. Rep. 6:26707. doi: 10.1038/srep26707
Espinosa, J. M., and Emerson, B. M. (2001). Transcriptional Regulation by
p53 through Intrinsic DNA/Chromatin Binding and Site-Directed Cofactor
Recruitment. Mol. Cell 8, 57–69. doi: 10.1016/S1097-2765(01)00283-0
Fessing, M. Y., Mardaryev, A. N., Gdula, M. R., Sharov, A. A.,
Sharova, T. Y., Rapisarda, V., et al. (2011). p63 regulates Satb1 to
control tissue-specific chromatin remodeling during development
of the epidermis. J. Cell Biol. 194, 825–839. doi: 10.1083/jcb.2011
01148
Fischer, M. (2017). Census and evaluation of p53 target genes. Oncogene 36,
3943–3956. doi: 10.1038/onc.2016.502

Allen, M. A., Andrysik, Z., Dengler, V. L., Mellert, H. S., Guarnieri, A., Freeman,
J. A., et al. (2014). Global analysis of p53-regulated transcription identifies
its direct targets and unexpected regulatory mechanisms. Elife 3:e02200. doi:
10.7554/eLife.02200
Bao, X., Rubin, A. J., Qu, K., Zhang, J., Giresi, P. G., Chang, H. Y., et al. (2015). A
novel ATAC-seq approach reveals lineage-specific reinforcement of the open
chromatin landscape via cooperation between BAF and p63. Genome Biol.
16:284. doi: 10.1186/s13059-015-0840-9
Belyi, V. A., Ak, P., Markert, E., Wang, H., Hu, W., Puzio-Kuter, A., et al. (2010).
The origins and evolution of the p53 family of genes. Cold Spring Harb. Perspect.
Biol. 2:a001198. doi: 10.1101/cshperspect.a001198
Campbell, J. D., Yau, C., Bowlby, R., Liu, Y., Brennan, K., Fan, H., et al.
(2018). Genomic, Pathway Network, and Immunologic Features Distinguishing
Squamous Carcinomas. Cell Rep. 23, 194–212.e6. doi: 10.1016/j.celrep.2018.03.
063
Catizone, A. N., Uzunbas, G. K., Celadova, P., Kuang, S., Bose, D., and Sammons,
M. A. (2020). Locally acting transcription factors regulate p53-dependent cisregulatory element activity. Nucleic Acids Res. 48, 4195–4213. doi: 10.1093/nar/
gkaa147

Frontiers in Cell and Developmental Biology | www.frontiersin.org

69
5

July 2021 | Volume 9 | Article 701986

Woodstock et al.

p53/p63 Sibling Rivalry

Fischer, M., Grossmann, P., Padi, M., and DeCaprio, J. A. (2016a). Integration
of TP53, DREAM, MMB-FOXM1 and RB-E2F target gene analyses identifies
cell cycle gene regulatory networks. Nucleic Acids Res. 44, 6070–6086. doi:
10.1093/nar/gkw523
Fischer, M., Quaas, M., Steiner, L., and Engeland, K. (2016b). The p53-p21DREAM-CDE/CHR pathway regulates G2/M cell cycle genes. Nucleic Acids Res.
44, 164–174. doi: 10.1093/nar/gkv927
Fischer, M., Steiner, L., and Engeland, K. (2014). The transcription factor p53: not a
repressor, solely an activator. Cell Cycle 13, 3037–3058. doi: 10.4161/15384101.
2014.949083
Flores, E. R., Sengupta, S., Miller, J. B., Newman, J. J., Bronson, R., Crowley, D., et al.
(2005). Tumor predisposition in mice mutant for p63 and p73: evidence for
broader tumor suppressor functions for the p53 family. Cancer Cell 7, 363–373.
doi: 10.1016/j.ccr.2005.02.019
Flores, E. R., Tsai, K. Y., Crowley, D., Sengupta, S., Yang, A., McKeon, F., et al.
(2002). p63 and p73 are required for p53-dependent apoptosis in response to
DNA damage. Nature 416, 560–564. doi: 10.1038/416560a
Gaiddon, C., Lokshin, M., Ahn, J., Zhang, T., and Prives, C. (2001). A Subset of
Tumor-Derived Mutant Forms of p53 Down-Regulate p63 and p73 through a
Direct Interaction with the p53 Core Domain. Mol. Cell. Biol. 21, 1874–1887.
doi: 10.1128/MCB.21.5.1874-1887.2001
Gallant-Behm, C. L., Ramsey, M. R., Bensard, C. L., Nojek, I., Tran, J., Liu, M., et al.
(2012). 1Np63α represses anti-proliferative genes via H2A.Z deposition. Genes
Dev. 26, 2325–2336. doi: 10.1101/gad.198069.112
Gatti, V., Fierro, C., Annicchiarico-Petruzzelli, M., Melino, G., and Peschiaroli,
A. (2019). 1Np63 in squamous cell carcinoma: defining the oncogenic routes
affecting epigenetic landscape and tumour microenvironment. Mol. Oncol. 13,
981–1001. doi: 10.1002/1878-0261.12473
Gressner, O., Schilling, T., Lorenz, K., Schulze Schleithoff, E., Koch, A., SchulzeBergkamen, H., et al. (2005). TAp63α induces apoptosis by activating signaling
via death receptors and mitochondria. EMBO J. 24, 2458–2471. doi: 10.1038/sj.
emboj.7600708
Guo, X., Keyes, W. M., Papazoglu, C., Zuber, J., Li, W., Lowe, S. W., et al. (2009).
TAp63 induces senescence and suppresses tumorigenesis in vivo. Nat. Cell Biol.
11, 1451–1457. doi: 10.1038/ncb1988
Helton, E. S., Zhu, J., and Chen, X. (2006). The unique NH2-terminally deleted
(DeltaN) residues, the PXXP motif, and the PPXY motif are required for
the transcriptional activity of the DeltaN variant of p63. J. Biol. Chem. 281,
2533–2542. doi: 10.1074/jbc.M507964200
Iwafuchi-Doi, M., and Zaret, K. S. (2014). Pioneer transcription factors in cell
reprogramming. Genes Dev. 28, 2679–2692. doi: 10.1101/gad.253443.114
Iwafuchi-Doi, M., and Zaret, K. S. (2016). Cell fate control by pioneer transcription
factors. Development 143, 1833–1837. doi: 10.1242/dev.133900
Karsli Uzunbas, G., Ahmed, F., and Sammons, M. A. (2019). Control of p53dependent transcription and enhancer activity by the p53 family member p63.
J. Biol. Chem. 294, 10720–10736. doi: 10.1074/jbc.RA119.007965
Keyes, W. M., Vogel, H., Koster, M. I., Guo, X., Qi, Y., Petherbridge, K. M.,
et al. (2006). p63 heterozygous mutant mice are not prone to spontaneous
or chemically induced tumors. Proc. Natl. Acad. Sci. U. S. A. 103, 8435–8440.
doi: 10.1073/pnas.0602477103
King, K. E., Ponnamperuma, R. M., Yamashita, T., Tokino, T., Lee, L. A.,
Young, M. F., et al. (2003). deltaNp63alpha functions as both a positive and a
negative transcriptional regulator and blocks in vitro differentiation of murine
keratinocytes. Oncogene 22, 3635–3644. doi: 10.1038/sj.onc.1206536
Kouwenhoven, E. N., Oti, M., Niehues, H., van Heeringen, S. J., Schalkwijk, J.,
Stunnenberg, H. G., et al. (2015). Transcription factor p63 bookmarks and
regulates dynamic enhancers during epidermal differentiation. EMBO Rep. 16,
863–878. doi: 10.15252/embr.201439941
Kouwenhoven, E. N., van Heeringen, S. J., Tena, J. J., Oti, M., Dutilh, B. E.,
Alonso, M. E., et al. (2010). Genome-Wide Profiling of p63 DNA–Binding
Sites Identifies an Element that Regulates Gene Expression during Limb
Development in the 7q21 SHFM1 Locus. PLoS Genet. 6:e1001065. doi: 10.1371/
journal.pgen.1001065
Laptenko, O., Beckerman, R., Freulich, E., and Prives, C. (2011). p53 binding to
nucleosomes within the p21 promoter in vivo leads to nucleosome loss and
transcriptional activation. Proc. Natl. Acad. Sci. U. S. A. 108, 10385–10390.
doi: 10.1073/pnas.1105680108

Frontiers in Cell and Developmental Biology | www.frontiersin.org

Laptenko, O., Shiff, I., Freed-Pastor, W., Zupnick, A., Mattia, M., Freulich, E., et al.
(2015). The p53 C Terminus Controls Site-Specific DNA Binding and Promotes
Structural Changes within the Central DNA Binding Domain. Mol. Cell 57,
1034–1046. doi: 10.1016/j.molcel.2015.02.015
LeBoeuf, M., Terrell, A., Trivedi, S., Sinha, S., Epstein, J. A., Olson, E. N., et al.
(2010). Hdac1 and Hdac2 act redundantly to control p63 and p53 functions in
epidermal progenitor cells. Dev. Cell 19, 807–818. doi: 10.1016/j.devcel.2010.10.
015
Li, L., Wang, Y., Torkelson, J. L., Shankar, G., Pattison, J. M., Zhen, H. H.,
et al. (2019). TFAP2C- and p63-Dependent Networks Sequentially Rearrange
Chromatin Landscapes to Drive Human Epidermal Lineage Commitment. Cell
Stem Cell 24, 271–284.e8. doi: 10.1016/j.stem.2018.12.012
Lin, Y.-L., Sengupta, S., Gurdziel, K., Bell, G. W., Jacks, T., and Flores, E. R. (2009).
p63 and p73 transcriptionally regulate genes involved in DNA repair. PLoS
Genet. 5:e1000680. doi: 10.1371/journal.pgen.1000680
Lin-Shiao, E., Lan, Y., Welzenbach, J., Alexander, K. A., Zhang, Z., Knapp, M., et al.
(2019). p63 establishes epithelial enhancers at critical craniofacial development
genes. Sci. Adv. 5:eaaw0946. doi: 10.1126/sciadv.aaw0946
Lokshin, M., Li, Y., Gaiddon, C., and Prives, C. (2007). p53 and p73 display
common and distinct requirements for sequence specific binding to DNA.
Nucleic Acids Res. 35, 340–352. doi: 10.1093/nar/gkl1047
McDade, S. S., Henry, A. E., Pivato, G. P., Kozarewa, I., Mitsopoulos, C., Fenwick,
K., et al. (2012). Genome-wide analysis of p63 binding sites identifies AP2 factors as co-regulators of epidermal differentiation. Nucleic Acids Res. 40,
7190–7206. doi: 10.1093/nar/gks389
McDade, S. S., Patel, D., and McCance, D. J. (2011). p63 maintains keratinocyte
proliferative capacity through regulation of Skp2-p130 levels. J. Cell Sci. 124,
1635–1643. doi: 10.1242/jcs.084723
McDade, S. S., Patel, D., Moran, M., Campbell, J., Fenwick, K., Kozarewa, I., et al.
(2014). Genome-wide characterization reveals complex interplay between TP53
and TP63 in response to genotoxic stress. Nucleic Acids Res. 42, 6270–6285.
doi: 10.1093/nar/gku299
Mills, A. A., Zheng, B., Wang, X. J., Vogel, H., Roop, D. R., and Bradley, A. (1999).
P63 Is a P53 Homologue Required for Limb and Epidermal Morphogenesis.
Nature 398, 708–713. doi: 10.1038/19531
Murray-Zmijewski, F., Lane, D. P., and Bourdon, J.-C. (2006). P53/P63/P73
Isoforms: an Orchestra of Isoforms To Harmonise Cell Differentiation and
Response To Stress. Cell Death Differ. 13, 962–972. doi: 10.1038/sj.cdd.440
1914
Nemajerova, A., Amelio, I., Gebel, J., Dötsch, V., Melino, G., and Moll, U. M.
(2018). Non-oncogenic roles of TAp73: from multiciliogenesis to metabolism.
Cell Death Differ. 25:144. doi: 10.1038/CDD.2017.178
Nguyen, T.-A. T., Grimm, S. A., Bushel, P. R., Li, J., Li, Y., Bennett, B. D., et al.
(2018). Revealing a human p53 universe. Nucleic Acids Res. 46, 8153–8167.
doi: 10.1093/nar/gky720
Ortt, K., and Sinha, S. (2006). Derivation of the consensus DNA-binding sequence
for p63 reveals unique requirements that are distinct from p53. FEBS Lett. 580,
4544–4550. doi: 10.1016/j.febslet.2006.07.004
Pattison, J. M., Melo, S. P., Piekos, S. N., Torkelson, J. L., Bashkirova, E.,
Mumbach, M. R., et al. (2018). Retinoic acid and BMP4 cooperate with p63
to alter chromatin dynamics during surface epithelial commitment. Nat. Genet.
50:1658. doi: 10.1038/s41588-018-0263-0
Perez, C. A., Ott, J., Mays, D. J., and Pietenpol, J. A. (2007). p63 consensus DNAbinding site: identification, analysis and application into a p63MH algorithm.
Oncogene 26, 7363–7370. doi: 10.1038/sj.onc.1210561
Qu, J., Tanis, S. E. J., Smits, J. P. H., Kouwenhoven, E. N., Oti, M., van den
Bogaard, E. H., et al. (2018). Mutant p63 Affects Epidermal Cell Identity
through Rewiring the Enhancer Landscape. Cell Rep. 25, 3490–3503.e4. doi:
10.1016/j.celrep.2018.11.039
Ramsey, M. R., He, L., Forster, N., Ory, B., and Ellisen, L. W. (2011).
Physical association of HDAC1 and HDAC2 with p63 mediates transcriptional
repression and tumor maintenance in squamous cell carcinoma. Cancer Res. 71,
4373–4379. doi: 10.1158/0008-5472.CAN-11-0046
Riege, K., Kretzmer, H., Sahm, A., McDade, S. S., Hoffmann, S., and
Fischer, M. (2020). Dissecting the DNA binding landscape and gene
regulatory network of p63 and p53. Elife 9:e63266. doi: 10.7554/eLife.
63266

70
6

July 2021 | Volume 9 | Article 701986

Woodstock et al.

p53/p63 Sibling Rivalry

Rutkowski, R., Hofmann, K., and Gartner, A. (2010). Phylogeny and Function of
the Invertebrate p53 Superfamily. Cold Spring Harb. Perspect. Biol. 2:a001131.
doi: 10.1101/cshperspect.a001131
Sahu, G., Wang, D., Chen, C. B., Zhurkin, V. B., Harrington, R. E., Appella, E., et al.
(2010). p53 binding to nucleosomal DNA depends on the rotational positioning
of DNA response element. J. Biol. Chem. 285, 1321–1332. doi: 10.1074/jbc.
M109.081182
Sammons, M. A., Nguyen, T.-A. T., McDade, S. S., and Fischer, M. (2020). Tumor
suppressor p53: from engaging DNA to target gene regulation. Nucleic Acids
Res. 48, 8848–8869. doi: 10.1093/nar/gkaa666
Sammons, M. A., Zhu, J., Drake, A. M., and Berger, S. L. (2015). TP53 engagement
with the genome occurs in distinct local chromatin environments via pioneer
factor activity. Genome Res. 25, 179–188. doi: 10.1101/gr.181883.114
Sauer, M., Bretz, A. C., Beinoraviciute-Kellner, R., Beitzinger, M., Burek, C.,
Rosenwald, A., et al. (2008). C-terminal diversity within the p53 family accounts
for differences in DNA binding and transcriptional activity. Nucleic Acids Res.
36, 1900–1912. doi: 10.1093/nar/gkn044
Schade, A. E., Fischer, M., and DeCaprio, J. A. (2019). RB, p130 and p107
differentially repress G1/S and G2/M genes after p53 activation. Nucleic Acids
Res. 47, 11197–11208. doi: 10.1093/nar/gkz961
Somerville, T. D., Biffi, G., Daßler-Plenker, J., Hur, S. K., He, X.-Y., Vance, K. E.,
et al. (2020). Squamous trans-differentiation of pancreatic cancer cells promotes
stromal inflammation. Elife 9:e53381. doi: 10.7554/eLife.53381
Somerville, T. D. D., Xu, Y., Miyabayashi, K., Tiriac, H., Cleary, C. R., MaiaSilva, D., et al. (2018). TP63-Mediated Enhancer Reprogramming Drives the
Squamous Subtype of Pancreatic Ductal Adenocarcinoma. Cell Rep. 25, 1741–
1755.e7. doi: 10.1016/j.celrep.2018.10.051
Suh, E.-K., Yang, A., Kettenbach, A., Bamberger, C., Michaelis, A. H., Zhu, Z., et al.
(2006). p63 protects the female germ line during meiotic arrest. Nature 444,
624–628. doi: 10.1038/nature05337
Sullivan, K. D., Galbraith, M. D., Andrysik, Z., and Espinosa, J. M. (2018).
Mechanisms of transcriptional regulation by p53. Cell Death Differ. 25, 133–143.
doi: 10.1038/cdd.2017.174
Thurman, R. E., Rynes, E., Humbert, R., Vierstra, J., Maurano, M. T., Haugen, E.,
et al. (2012). The accessible chromatin landscape of the human genome. Nature
489, 75–82. doi: 10.1038/nature11232
Tichý, V., Navrátilová, L., Adámik, M., Fojta, M., and Brázdová, M. (2013). Redox
state of p63 and p73 core domains regulates sequence-specific DNA binding.
Biochem. Biophys. Res. Commun. 433, 445–449. doi: 10.1016/j.bbrc.2013.02.097
Truong, A. B., Kretz, M., Ridky, T. W., Kimmel, R., and Khavari, P. A. (2006).
p63 regulates proliferation and differentiation of developmentally mature
keratinocytes. Genes Dev. 20, 3185–3197. doi: 10.1101/gad.1463206
Uxa, S., Bernhart, S. H., Mages, C. F. S., Fischer, M., Kohler, R., Hoffmann, S.,
et al. (2019). DREAM and RB cooperate to induce gene repression and cellcycle arrest in response to p53 activation. Nucleic Acids Res. 47, 9087–9103.
doi: 10.1093/nar/gkz635

Frontiers in Cell and Developmental Biology | www.frontiersin.org

Venkatachalam, S., Shi, Y. P., Jones, S. N., Vogel, H., Bradley, A.,
Pinkel, D., et al. (1998). Retention of wild-type p53 in tumors
from p53 heterozygous mice: reduction of p53 dosage can promote
cancer formation. EMBO J. 17, 4657–4667. doi: 10.1093/emboj/17.
16.4657
Westfall, M. D., Mays, D. J., Sniezek, J. C., and Pietenpol, J. A. (2003). The
Np63 Phosphoprotein Binds the p21 and 14-3-3 Promoters In Vivo and Has
Transcriptional Repressor Activity That Is Reduced by Hay-Wells SyndromeDerived Mutations. Mol. Cell. Biol. 23, 2264–2276. doi: 10.1128/MCB.23.7.
2264-2276.2003
Whitfield, M. L., George, L. K., Grant, G. D., and Perou, C. M. (2006). Common
markers of proliferation. Nat. Rev. Cancer 6, 99–106.
Yang, A., Kaghad, M., Wang, Y., Gillett, E., Fleming, M. D., Dötsch, V., et al.
(1998). P63, a P53 Homolog At 3Q27–29, Encodes Multiple Products With
Transactivating, Death-Inducing, and Dominant-Negative Activities. Mol. Cell
2, 305–316. doi: 10.1016/S1097-2765(00)80275-0
Yang, A., Schweitzer, R., Sun, D., Kaghad, M., Walker, N., Bronson, R. T., et al.
(1999). p63 is essential for regenerative proliferation in limb, craniofacial and
epithelial development. Nature 398, 714–718. doi: 10.1038/19539
Yang, A., Zhu, Z., Kapranov, P., McKeon, F., Church, G. M., Gingeras, T. R.,
et al. (2006). Relationships between p63 Binding, DNA Sequence, Transcription
Activity, and Biological Function in Human Cells. Mol. Cell 24, 593–602. doi:
10.1016/j.molcel.2006.10.018
Younger, S. T., and Rinn, J. L. (2017). p53 regulates enhancer accessibility and
activity in response to DNA damage. Nucleic Acids Res. 45, 9889–9900. doi:
10.1093/nar/gkx577
Yu, X., and Buck, M. J. (2019). Defining TP53 pioneering capabilities with
competitive nucleosome binding assays. Genome Res. 29, 107–115. doi: 10.1101/
gr.234104.117
Yu, X., Singh, P. K., Tabrejee, S., Sinha, S., and Buck, M. J. (2021). 1Np63
is a pioneer factor that binds inaccessible chromatin and elicits chromatin
remodeling. Epigenetics Chromatin 14:20. doi: 10.1186/s13072-021-00394-8
Zaret, K. S., and Mango, S. E. (2016). Pioneer transcription factors, chromatin
dynamics, and cell fate control. Curr. Opin. Genet. Dev. 37, 76–81. doi: 10.1016/
j.gde.2015.12.003
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.
Copyright © 2021 Woodstock, Sammons and Fischer. 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.

71
7

July 2021 | Volume 9 | Article 701986

