

[image: image]





Frontiers eBook Copyright Statement

The copyright in the text of individual articles in this eBook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers.

The compilation of articles constituting this eBook is the property of Frontiers.

Each article within this eBook, and the eBook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this eBook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version.

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or eBook, as applicable.

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with.

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question.

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-88974-580-7
DOI 10.3389/978-2-88974-580-7

About Frontiers

Frontiers is more than just an open-access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers Journal Series

The Frontiers Journal Series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers Journal Series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to Quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. 

Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view.

By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics?

Frontiers Research Topics are very popular trademarks of the Frontiers Journals Series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area! Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers Editorial Office: frontiersin.org/about/contact





MULTIDISCIPLINARY APPROACHES IN EXPLORING CANCER HETEROGENEITY, TME AND THERAPY RESISTANCE: PERSPECTIVES FOR SYSTEMS MEDICINE

Topic Editors: 

Brigitte M. Pützer, Institute of Experimental Gene Therapy and Cancer Research, University Medicine, Germany

Kanaga Sabapathy, National Cancer Centre Singapore, Singapore 

Julio Vera González, University Hospital Erlangen, Germany

Citation: Pützer, B. M., Sabapathy, K., González, J. V., eds. (2022). Multidisciplinary Approaches in Exploring Cancer Heterogeneity, TME and Therapy Resistance: Perspectives for Systems Medicine. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-88974-580-7





Table of Contents




Editorial: Multidisciplinary Approaches in Exploring Cancer Heterogeneity, TME and Therapy Resistance: Perspectives for Systems Medicine

Brigitte M. Pützer and Kanaga Sabapathy

Investigating Molecular Determinants of Cancer Cell Resistance to Ionizing Radiation Through an Integrative Bioinformatics Approach

Halil Ibrahim Toy, Gökhan Karakülah, Panagiota I. Kontou, Hani Alotaibi, Alexandros G. Georgakilas and Athanasia Pavlopoulou

Oncogenic Landscape of Somatic Mutations Perturbing Pan-Cancer lncRNA-ceRNA Regulation

Yuanfu Zhang, Peng Han, Qiuyan Guo, Yangyang Hao, Yue Qi, Mengyu Xin, Yafang Zhang, Binbin Cui and Peng Wang

Spatiotemporal Analysis of B Cell- and Antibody Secreting Cell-Subsets in Human Melanoma Reveals Metastasis-, Tumor Stage-, and Age-Associated Dynamics

Minyi Chen, Franziska Werner, Christine Wagner, Martin Simon, Erika Richtig, Kirsten D. Mertz, Johannes Griss and Stephan N. Wagner

A Systems-Based Key Innovation-Driven Approach Infers Co-option of Jaw Developmental Programs During Cancer Progression

Stephan Marquardt, Athanasia Pavlopoulou, Işıl Takan, Prabir Dhar, Brigitte M. Pützer and Stella Logotheti

p63 and p53: Collaborative Partners or Dueling Rivals?

Dana L. Woodstock, Morgan A. Sammons and Martin Fischer

p73 as a Tissue Architect

Laura Maeso-Alonso, Lorena López-Ferreras, Margarita M. Marques and Maria C. Marin

The p53 Family: A Role in Lipid and Iron Metabolism

Kyra Laubach, Jin Zhang and Xinbin Chen

Mechanisms of Functional Pleiotropy of p73 in Cancer and Beyond

Stella Logotheti, Christin Richter, Nico Murr, Alf Spitschak, Stephan Marquardt and Brigitte M. Pützer

Multi-Level Computational Modeling of Anti-Cancer Dendritic Cell Vaccination Utilized to Select Molecular Targets for Therapy Optimization

Xin Lai, Christine Keller, Guido Santos, Niels Schaft, Jan Dörrie and Julio Vera



		EDITORIAL
published: 03 February 2022
doi: 10.3389/fcell.2022.842596


[image: image2]
Editorial: Multidisciplinary Approaches in Exploring Cancer Heterogeneity, TME and Therapy Resistance: Perspectives for Systems Medicine
Brigitte M. Pützer1,2* and Kanaga Sabapathy3,4
1Institute of Experimental Gene Therapy and Cancer Research, Rostock University Medical Center, Rostock, Germany
2Department Life, Light & Matter, University of Rostock, Rostock, Germany
3Division of Cellular and Molecular Research, Humphrey Oei Institute of Cancer Research, National Cancer Centre Singapore, Singapore, Singapore
4Cancer and Stem Cell Biology Program, Duke-NUS Medical School, Singapore, Singapore
Edited and reviewed by:
Ramani Ramchandran, Medical College of Wisconsin, United States
* Correspondence: Brigitte M. Pützer, brigitte.puetzer@med.uni-rostock.de
Specialty section: This article was submitted to Molecular and Cellular Pathology, a section of the journal Frontiers in Cell and Developmental Biology
Received: 23 December 2021
Accepted: 12 January 2022
Published: 03 February 2022
Citation: Pützer BM and Sabapathy K (2022) Editorial: Multidisciplinary Approaches in Exploring Cancer Heterogeneity, TME and Therapy Resistance: Perspectives for Systems Medicine. Front. Cell Dev. Biol. 10:842596. doi: 10.3389/fcell.2022.842596

Keywords: cancer heterogeneity, tumor immune microenvironment, development and homeostasis, cancer evolution, p53 family transcription factors, phenotypic plasticity, computational methods and data mining, biomarkers and personalized therapeutics
Editorial on the Research Topic
Multidisciplinary Approaches in Exploring Cancer Heterogeneity, TME and Therapy Resistance: Perspectives for Systems Medicine

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, co-option 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; 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, multi-omics data, developmental phenotypes of knockout mice, and molecular phylogenetics. This systems-based approach provides evidence that the presence of metastasis coincides with agnatha-to-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 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 based on the nature of p73 isoforms, the presence of interactors, the architecture of target promoters, and subcellular localization. The authors envision that dysregulation of one or more of these parameters in tumors promote aggressive metastatic stages by reactivating p73 isoforms and/or p73-regulated differentiation programs, in a spatiotemporally inappropriate manner.
Interdisciplinary work and the combination of wet- and dry-lab skills are ideal requirements for future translational research. The contributions collected in this Research Topic provide deeper insights into cancer etiology, molecular mechanisms, heterogeneity, and the role of the tumor microenvironment in metastasis. This will influence the development of individualized next-generation cancer therapeutics. Moreover, advances in biomaterial and 3D cell culture technologies like spheroids, organoids, and organs-on-chip techniques are opening new opportunities for testing patient-specific therapies.
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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 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 down-regulated) 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.



METHODS


Data Retrieval

The public repository NCBI GEO DataSets was searched extensively for gene expression datasets using relevant keywords: (“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-MB-231 (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 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.



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) 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 (|log2FC≥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.



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.



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 low-risk 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 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 cancer-normal 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.


[image: Figure 1]
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”.



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).


[image: Figure 2]
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.



[image: Figure 3]
FIGURE 3. Distribution of the over-represented cancer-related WikiPathways in the DEGs of each transcriptome dataset. The enriched pathways are indicated by gray.


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 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 “PI3K-AKT-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 IR-induced 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 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 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 high-confidence 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.
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FIGURE 4. Donut chart depicting the over-represented cancer-relevant pathways across the 88 common genes.



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




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.



Radiogenes Are Potential Cancer Prognostic Markers

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, 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 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 non-DSBs, 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 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 post-DNA 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 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 damage-induced 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 (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 (BCL2-associated 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 up-regulated, whereas the anti-apoptotic genes are down-regulated 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 pro-survival 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 pro-inflammatory 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 under-expressed). 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 radiation-induced 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 pro-apoptotic and anti-proliferative responses and promotes anti-cancer 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 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 radioresistance-associated 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 reduction of the total effective radiation dose administered to the patient.
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Supplementary Figure 1. Schematic workflow outlining the selection of radiogenes. Venn diagram comparing the high-throughput (HTP) and literature-derived cancer radioresistance-associated genes. Functional enrichment and interaction network analysis of the common 88 genes resulted in 36 genes. Red, up-regulated genes; Green, down-regulated genes.

Supplementary Figure 2. Differential expression patterns of radiogenes in the corresponding cancer tissue; BRCA, breast invasive carcinoma; COAD, colon adenocarcinoma; LAML, acute myeloid leukemia. The red box represents cancer tissue samples and the gray box indicates normal samples.

Supplementary Figure 3. Kaplan-Meier curves depicting the prognostic value of radiogenes for overall survival in invasive breast carcinoma (A) CHEK1, (B) PLK1, (C) MAP2K1 and (D) NFKBIA. The HR “HR(high)” and the corresponding p-values “p(HR)” are shown. The 95% confidence intervals (CI) are denoted by dotted lines. The number of high-risk and low-risk patients are indicated by “n(high)” and “n(low),” respectively.

Supplementary Table 1. Samples from each transcriptomic dataset analyzed in this study.

Supplementary Table 2. List of the differentially expressed genes (DEGs) of each of the three transcriptome datasets and the DEGs common among datasets. Log2FC of radioresistant vs. radiosensitive differentially expressed genes in GSE120798 (breast cancer) cell lines; cut-off |log2FC≥2|.

Supplementary Table 3. List of the merged DEGs from each dataset, literature-derived genes/proteins and common molecules.
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Competing endogenous RNAs (ceRNA) are transcripts that communicate with and co-regulate 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 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 3′ 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.



MATERIALS AND METHODS


Data Collection

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 (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.



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-miRNA-ceL-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).



Classification and Definition of Mutations

Somatic mutations do not occur frequently. We defined a site at which at least two samples displayed a mutation as a high-frequency (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 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.



Multivariate Multiple Regression Analyses

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 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:

[image: image]

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.



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., 2003) to visualize this regulatory relationship in significant SMILM units [mutations-miRNA-lncRNA (ceL)-mRNA (ceM)] (Long et al., 2019).



Functional Enrichment Analysis Connecting Oncogenic Signaling Pathways

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.



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.




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), 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 (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 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).
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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.




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 pan-cancer 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 mutations-miRNA-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.
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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.


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).



Statistical Identification Portrays ceRNA Expression Fluctuation Landscape


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 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.
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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.


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 hsa-miR-7110-5p in lncRNA AC124319.3 (ENSG00000280248; p-value = 3.57E-3, ηl = -8.03), which competed with TPM3 (p-value = 6.43E-5, ηm = 0.79; Figures 3E,F). Further, one-sample 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.



Individual Differences in ceM Expression Variation Produced by LF-Mutation

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 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.
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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.


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 mutation-miRNA-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 pan-cancer 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 mutation-miRNA-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.
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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.


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 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.



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 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 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 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 mutation-ceRNA mechanism to the overall survival of cancer patients.
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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.


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), TTN-AS1 (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 pan-cancers. 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 mutation-miRNA 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 functional research, and experimental methods such as CLIP-seq 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 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-by-one experimental studies are expensive, complex, and time-consuming. 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 lncRNA-associated regulatory mechanisms at the transcriptional level. Both the method and predictions could serve as helpful references for future experimental and functional dissections of lncRNAs.



CONCLUSION

Our study provides a global landscape of the effects of lncRNA somatic mutations on the ceRNA mechanism in pan-cancer. Our findings extend existing knowledge on the relevance of lncRNA mutations in functions related to cancer via the ceRNA mechanism. The integration of mutation and RNA 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.
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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.

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


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 tumor-associated 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, 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 cancer-specific 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 (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.



MATERIALS AND METHODS


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).


TABLE 1. Clinical and histopathological summary of melanoma patients with primary tumors without subsequent metastasis.
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TABLE 2. Clinical and histopathological summary of melanoma patients with primary tumors with subsequent metastasis.

[image: Table 2]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 follow-up of a maximum 231 months interval (mean: 54 months, Table 2). From 10 of the latter patients, additional 16 metastatic 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.



Seven Color Multiplex Immunohistochemical Staining for TAB and ASC Subpopulations

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 anti-CD19 antibody was adapted to allowing for detection of cellular patterns and frequencies obtained by CD138+ pooled IgA/IgG+ stainings on human tonsil and melanoma (Griss et al., 2019).



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/regulatory-like 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.


[image: image]

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.




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.



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 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/regulatory-like 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, predominant paratumoral distribution at the invasive tumor-stroma 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).


TABLE 3. Summary of multiplex immunohistochemistry staining results in primary melanoma samples.

[image: 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).
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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.


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).
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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.


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 plasmablast-like 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

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.

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).
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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.


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.



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 blockade (Griss et al., 2019). While different TAB and ASC subtypes have been suggested to exert these immunostimulatory functions, reported candidate subtypes are typically antigen-activated 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.

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 anti-tumorigenic 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 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.

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 activation-induced cytidine deaminase and impaired ability to undergo class switch recombination and antibody secretion (Frasca et al., 2011). These intrinsic mechanisms are complemented 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 plasmablast-like 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 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 (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.



CONCLUSION

Together, this study significantly widens the knowledge of the spectrum of B cell subpopulations and their spatiotemporal dynamics in human melanoma. Our data show a rather inhomogeneous distribution along different stages of human melanoma progression with numbers of memory-like TAB which decrease in primary melanomas that metastasize, but increase at locoregional metastatic sites, and with numbers of plasma cell-like ASC which increase at distant metastatic sites. These 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.
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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, co-option, 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 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 vertebrate-specific 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 (Domazet-Lošo 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 co-opted 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.



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 Genome Informatics (MGI) database (Bult et al., 2019) for genes the knockout of which leads to mouse phenotypes with jaw-related 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).



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 pseudo-replicates). 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.



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).



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 non-coding) 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.



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.



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 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 peer-reviewed 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.
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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.




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 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 cancer-free (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 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/DDT-contaminated fishes, the organochlorides bioaccumulated in their liver or pancreatic islets, eventually triggering oncogenesis 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 metastasis-incapable. Nevertheless, metastatic capability is evident in all descendant lineages. In particular, in Chondrichthyes, at least 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).
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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.


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 agnatha-to-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). 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 beached-off 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 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).
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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.


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 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 meta-analyzed 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.
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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 hypo- than hyper- methylated JIGs are correlated with either poor (“bad,” red color) or favorable (“good,” blue color) patient outcomes. Bars represent SEM.




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 less-invasive 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 highly- versus 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 low-aggressive 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.
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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.


Additionally, to evaluate the clinical relevance of these findings, we meta-analyzed gene expression data in 35 different 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 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).

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.


TABLE 1. Effects of JIGs on cancer patient prognosis (in descending order of total number of JIGs that affect each cancer type).
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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 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).

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 pre-gnathostome 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 pre-gnathostome 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 full-life 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 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 gnathostome-specific 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.
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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.




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 pre-gnathostome 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) 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 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 pre-gnathostome 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 gnathostome-specific 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 pre-gnathostome 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, with frequent transactivations in invasive and metastatic stages, and a preference for enhanced transcription of the gnathostome-specific 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 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 Evo-Devo 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 loss-of-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 tumor-initiating mutations already acquired at primary tumor cells and evolutionarily-young genes that support gnathostome key-innovations. Future studies could uncover if such crosstalks guide recurrent routes to metastasis, thereby providing a foundation for the rational design of strategies that prevent cancer evolution.
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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

phenotypes to all developmental phenotypes affected by each gene knockout is also shown.

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 = up- or down-regulated in human metastatic vs. primary lesions (GSE21510, GSE2509, GSE25976, GSE43837, GSE468, GSE6919, GSE7929, GSE7930, GSE8401), mmu_metast_driver = included among metastasis driver genes in a mouse model of tumor evolution.

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.

Supplementary Table 5 | JIG orthologs across pre-gnathostome and gnathostome species. Annotations: green = pregnathostome orthologs, orange: gnathostome-specific orthologs, underlined = network hubs.

Supplementary Table 6 | Comprehensive overview of the preclinical and clinical research studies on the hub JIGs that are deregulated in highly-invasive cell lines of CCLE. The drivers of tumor progression predicted using the key innovation-driven model are in agreement with existing experimental data.
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The tumor suppressor p53 and its oncogenic sibling p63 (ΔNp63) 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 ΔNp63 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.
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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 ΔNp63 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, ΔNp63 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 (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 ΔNp63 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 genome-wide 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 ΔNp63 can bind to DNA motifs that are similar to those of p53, but only TAp63 harbored a transactivation domain (TAD). In contrast to TAp63, ΔNp63 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 ΔNp63 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 ΔNp63 was associated with a reduced ability of p53 to trans-activate the reporter genes, highlighting a potential sibling rivalry (Figure 1A).
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FIGURE 1. (A) Simplified model of transcriptional repression by ΔNp63 and its dominant negative effect on p53, largely based on Westfall et al. (2003). (B) DNA motifs recognized either by both p53 and ΔNp63 (common) or solely by p53 or ΔNp63. Major motifs taken from Riege et al. (2020).




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 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.



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.
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FIGURE 2. (A) p53 and ΔNp63 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/ΔNp63 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 ΔNp63 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 ΔNp63′s pioneer factor activity, although specific biochemical mechanisms are still being fully elucidated.


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 nucleosome-bound 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 (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 ΔNp63 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, ΔNp63 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 ΔNp63 ChIP-seq and transcriptomic data revealed ΔNp63 genome binding to be associated largely with trans-activation (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 ΔNp63 functioning as a negative regulator of its siblings. A broad meta-analysis of ChIP-seq and transcriptomic data corroborated that p63 and p53 regulate largely non-overlapping gene sets, and argue that ΔNp63 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 ΔNp63 (Yang et al., 2006; Riege et al., 2020). Interestingly, during epithelial cell maturation, ΔNp63 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 ΔNp63 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 ΔNp63 as trans-activator and the small overlap between p63 and p53-regulated genes suggest any model of ΔNp63 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 ΔNp63 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 ΔNp63.

Having this much organized data at hand, what do we know we about CDKN1A and SFN, the genes that initially fueled p53 and p63′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 ΔNp63 can bind to the CDKN1A promoter, only 4 and 3 out of 16 datasets on ΔNp63-dependent gene regulation identified ΔNp63 to significantly up and down-regulate CDKN1A, respectively. SFN was identified as a direct p53 and ΔNp63 target that is typically up-regulated by both siblings (Fischer, 2017; Riege et al., 2020). Together, these data suggest that the view of ΔNp63 functioning as a potent negative regulator of p53 can be rejected and replaced with a context-dependent model where ΔNp63 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 damage-induced 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 ΔNp63 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 ΔNp63. Inhibition of ΔNp63 leads to depletion of active transcription-associated hallmarks at these 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 ΔNp63 (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 ΔNp63 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 ΔNp63 and paves the way for the field to resolve many of the incongruent observations regarding ΔNp63′s influence on p53.



OPPOSING DIRECTIONS IN TUMOR DEVELOPMENT

While current data suggest that p53 and ΔNp63 are more likely to cooperate than to compete at DNA, they remain functionally quite different. Perhaps most importantly, ΔNp63 promotes while p53 restricts cellular growth. As a consequence, ΔNp63 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 ΔNp63 in tumor development can be explained on the one hand by their unique target genes. While unique direct ΔNp63 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 ΔNp63 (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 ΔNp63 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 ΔNp63, 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 ΔNp63 target genes as well as the differential regulation of cell cycle genes elicited by p53 and ΔNp63 offer a partial, but direct, explanation for their opposing functions in tumor development.



DISCUSSION

Sibling rivalry can happen in any family and it is no different for the p53 transcription factor family. p63 was within p53′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 pro-epithelial 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?

The other factors and precise context required for p53 and ΔNp63 to elicit productive binding to DNA and to regulate distinct target genes remain unclear. Although ΔNp63 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 ΔNp63 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 ΔNp63 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 ΔNp63 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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The TP73 gene belongs to the p53 family comprised by p53, p63, and p73. In response to physiological and pathological signals these transcription factors regulate multiple molecular pathways which merge in an ensemble of interconnected networks, in which the control of cell proliferation and cell death occupies a prominent position. However, the complex phenotype of the Trp73 deficient mice has revealed that the biological relevance of this gene does not exclusively rely on its growth suppression effects, but it is also intertwined with other fundamental roles governing different aspects of tissue physiology. p73 function is essential for the organization and homeostasis of different complex microenvironments, like the neurogenic niche, which supports the neural progenitor cells and the ependyma, the male and female reproductive organs, the respiratory epithelium or the vascular network. We propose that all these, apparently unrelated, developmental roles, have a common denominator: p73 function as a tissue architect. Tissue architecture is defined by the nature and the integrity of its cellular and extracellular compartments, and it is based on proper adhesive cell-cell and cell-extracellular matrix interactions as well as the establishment of cellular polarity. In this work, we will review the current understanding of p73 role as a neurogenic niche architect through the regulation of cell adhesion, cytoskeleton dynamics and Planar Cell Polarity, and give a general overview of TAp73 as a hub modulator of these functions, whose alteration could impinge in many of the Trp73–/– phenotypes.

Keywords: p53-family, p73, tissue architecture, cell adhesion, actin cytoskeleton, cell polarity, central nervous system development, neurogenic niche


INTRODUCTION

The TP73 gene belongs to an evolutionary conserved family of transcription factors, the p53 family, with key functions to vertebrate’s biology. The genes that constitute this family, TP53, TP63, and TP73, have evolved from a common ancestor and, consequently, share a similar modular structure which consists of an amino-terminal transactivation domain (TAD), a central DNA binding domain (DBD) and a carboxy-terminal oligomerization domain (OD) (Dötsch et al., 2010). Although TP53 was the first member of the family to be discovered (Lane and Crawford, 1979; Levine, 2020), TP63 and TP73 are the evolutionary older homologs (Kaghad et al., 1997; Yang et al., 1998; Belyi et al., 2010; Chillemi et al., 2017) and differ from TP53 in that the full-length proteins that they encode contain a carboxy-terminal sterile a-motif (SAM) domain. This C-terminal region, involved in protein–protein interaction, might give p63 and p73 their unique signaling network of regulators and transcriptional targets (Serber et al., 2002; Straub et al., 2010). In addition, due to alternative splicing of the N-terminal and C-terminal regions and to the use of cryptic promoters, the TP73 and TP63 genes can be expressed as transcriptionally competent TA-isoforms or as N-terminally deleted DN-isoforms. Moreover, multiple alternative splicing at the 3′ region of the pre-RNA can give rise to C-terminal isoforms which, in the case of p63 and p73, can include the SAM domain (Vikhreva et al., 2018).

The first studied function of p73 was its p53-like growth suppressor capacity (Jost et al., 1997). Even though p53 is the central regulator of the cellular genomic integrity, TAp73 isoforms can perform similar functions in response to stress. Following DNA damage, TAp73 generates a coordinated response that induces either cell cycle arrest and DNA repair mechanisms, or provokes cell elimination signals leading to apoptosis or senescence (Pflaum et al., 2014). These p53-like responses, executed through the activation of target genes shared with p53, are known as p73-canonical functions. However, elimination of these canonical functions could not account for all the phenotypes observed in the knockout mice lacking all p73 isoforms, the Trp73–/– (Yang et al., 2000). These animals display multiple maladies, including gastrointestinal and cranial hemorrhages, rhinitis, hippocampus dysgenesis and enlarged ventricles, female and male infertility, chronic infection and inflammation in lungs, sinus, and ears, and runting (Yang et al., 2000). Several laboratories, including ours, have demonstrated that the biological relevance of p73 does not exclusively rely on its growth suppression effects (Pflaum et al., 2014), but also on p73-non-canonical functions. Some of these functions, like the regulation of cell adhesion establishment, cytoskeleton dynamics, multiciliogenesis and Planar Cell Polarity (PCP) are related to the maintenance of the structural organization and homeostasis of different complex microenvironments, like the neurogenic niche and the ependymal barrier in the central nervous system (CNS), the respiratory and reproductive epithelia, or the vascular network. Thus, important questions arise: How does p73 orchestrate such an ample array of biological processes? Are there some common molecular functions underlying these phenotypes? May this p73 fundamental role be related to the organization of epithelia, a hallmark tissue of metazoans? Could this function represent a primitive p53/p63/p73-ancestor ability kept by p73 throughout evolution, and which is now fundamental in mammals?



DIVERSIFYING BIOLOGICAL ACTIVITIES: THE YING-YANG MODE OF ACTION OF p73 ISOFORMS

As mentioned before, the Trp73 gene gives raise to functionally different TA and DNp73 isoforms (Candi et al., 2014). TAp73 proteins can transactivate canonical-p53 targets as well as non-p53 related genes involved in development and/or other cell growth associated functions (Engelmann et al., 2015; Wang et al., 2020). TA-isoforms differ in their transactivation efficiency and target gene specificity depending on their carboxy terminus (De Laurenzi et al., 1998; Ueda et al., 1999). Thus, TAp73 function will vary in a cell-context dependent manner and greatly depending upon their C-terminal domain (Logotheti et al., 2013; Vikhreva et al., 2018). Conversely, DN-isoforms can act as dominant-negative inhibitors of p53 and TAp73 and thus, have oncogenic properties (Ishimoto et al., 2002; Engelmann and Pützer, 2014), but they also carry out their own distinct p53/TAp73-independent transcriptional activities (Marqués-García et al., 2009; Wetterskog et al., 2009; Niemantsverdriet et al., 2012). The generation of transactivation-deficient DN-isoforms from the TP73 gene is quite complex and has been reviewed elsewhere (Murray-Zmijewski et al., 2006; Engelmann et al., 2015). Briefly, there are two types of DN-p73 isoforms, the ones that originate from differential splicing events at the 5′-end of P1-derived transcripts (ΔEx2p73, ΔEx2/3p73, ΔN′p73; generally called ΔTA), and DN-isoforms, per se, which arise from the alternative P2 promoter within intron 3 (Stiewe et al., 2002; Buhlmann and Pützer, 2008; Engelmann et al., 2015). Even though most DN-isoforms are transcriptionally inactive, there are reports indicating that the 13 unique residues of DNp73 β and γ, together with the N-terminal PXXP motifs, constitute a novel activation domain capable of inducing some p53 target genes (Liu et al., 2004).

A detailed analysis of the total Trp73–/– mice revealed a wide range of novel p73 physiological roles governing different aspects of cell and tissue physiology. However, p73 bimodal function has difficulted the identification of the responsible isoform for each of the observed phenotypes. The generation of isoform-specific knockout mice has provided a useful tool to disentangle some of the p73 isoforms-specific activities in various tissues and cellular processes, endorsing the proposed isoform-based model of p73 function.

Beginning with p73 tumor suppressor function, TAp73 deficient mice revealed an increased predisposition to spontaneous tumorigenesis (Tomasini et al., 2008), demonstrating the role of TAp73 as a tumor suppressor and substantiating previous reports of enhanced rate of spontaneous tumors in Trp73 ± mice (Flores et al., 2005). On the other hand, elimination of DNp73 greatly inhibits tumor-forming capacity in vivo (Wilhelm et al., 2010). In this Ying-Yang model, while DNp73 possesses oncogenic properties that include impairment of the DNA damage-response pathway, cellular immortalization, as well as a dominant negative function of the p53/TAp73-canonical functions (Petrenko et al., 2003; Wilhelm et al., 2010; Billant et al., 2016), TAp73 tumor suppressor activity mainly relies on p53-canonical functions, like its ability to induce cell cycle arrest, apoptosis or regulation of DNA damage response, as well as other functions like immune cell regulation (Tomasini et al., 2008; Costanzo et al., 2014; Wolfsberger et al., 2021). It is noteworthy that TAp73, unexpectedly, activates anabolic pathways compatible with proliferation and promotion of cancer cells by regulating glucose metabolism to control cellular biosynthetic pathways and antioxidant capacity (Du et al., 2013; Fets and Anastasiou, 2013; Amelio et al., 2014). However, whether this metabolic effect reflects cancer-associated metabolic changes, or instead suggests a role for TAp73 in promoting adaptative cellular mechanisms to stress conditions (Agostini et al., 2014; Marini et al., 2018), remains to be determined and has been reviewed elsewhere (Nemajerova et al., 2018). Nevertheless, the lack of these p73-associated functions could not explain many of the cytoarchitecture alterations resulting from p73 deficiency in vivo.

In morphologically complex animals such as mammals, the establishment and maintenance of tissue structure and function, known as tissular architecture (Hagios et al., 1998), regulates the development and functionality of organs such as the digestive, respiratory, reproductive, neural, sensory, and vascular systems (Rodriguez-Boulan and Macara, 2014). Consequently, it would be expected that the disruption of a gene involved in tissue architecture could result in a plethora of developmental defects, such as the ones observed in the Trp73–/– mice. Thus, we propose that some of the, apparently unrelated, phenotypes showed by these mice could reflect p73 requirement in the maintenance of functional tissue organization and we ask whether this task could represent one of the original roles of the p53/p63/p73-ancestor.



EVOLUTION OF THE p53 GENE FAMILY AND THE EMERGENCE OF TISSULAR ARCHITECTURE

Identifying the original p53/p63/p73-ancestor functions might be elusive since data on the molecular characterization or function of most of these proteins are lacking. However, a canvass of the published data regarding consensus phylogenetic trees, together with the evidence of the p53 family presence spanning the early Metazoa through the primates, can lead to propose that the organization of the epithelia could be a primitive p73-function, since the appearance of the ancestral p73 paralogs seems to coincide with the phylogenetic emergence and organization of the epithelia (Belyi et al., 2010; Rutkowski et al., 2010; Åberg et al., 2017; Figure 1).
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FIGURE 1. The emergence of epithelia and the proposed relationship with p53 family members phylogeny. p53/p63/p73-ancestor proteins appear for the first time in Placozoan and Cnidaria. Coincidentally, these organisms are the first ones to fulfill the three criteria that distinguish the “true” epithelial phenotype: i) cells displaying aligned polarity; ii) cells connected by belt-forming junctions; and iii) cells associated with extracellular matrix, with a basal lamina. As vertebrates develop, the p53/p63/p73-ancestor gave rise to the three members of the p53 family. The phylogenetic tree is based on Timetree public knowledge-base. The pictures were created with BioRender.com. Photos were a courtesy of Robert Aguilar, Smithsonian Environmental Research Center, United States (https://commons.wikimedia.org/wiki/File:Nematostella_vectensis_(I1419)_999_(30695685804).jpg) and Bernd Schierwater, Institute of Animal Ecology and Cell Biology, Hannover (Germany). https://commons.wikimedia.org/wiki/File:Trichoplax_adhaerens_photograph.png.


Within the animal kingdom, p53-family sequences are encoded in almost all sequenced genomes. The most primitive multicellular organisms encoding p53/p63/p73-ancestor-like proteins are the cnidaria starlet sea anemone Nematostella vectensis, and the placozoa Trichoplax adherens (Rutkowski et al., 2010). In these basal animals with radial symmetry, the ancestral gene is most closely related to a combined p63/p73-like gene (Belyi et al., 2010), and one or more ancestor sequences are found, while the radiation into p53, p63, and p73 protein coding genes has been described as a vertebrate event (Rutkowski et al., 2010; Figure 1).

It is precisely in placozoa where the p53/p63/p73-ancestor’s TAD first appeared and thus, the transactivation function (Åberg et al., 2017). Based on the presence of the conserved SAM domain and the greater sequence similarity between the vertebrate p63 and invertebrate p53/p63/p73-ancestor, an initial study suggested that the ancestral and invertebrate function of p53/p63/p73 mainly resembled the p63 vertebrate function (Rutkowski et al., 2010). However, a subsequent detailed phylogenetic analysis with a particular focus on the TAD led to the hypothesis that, since all three family members are equally evolutionarily close to the p53/p63/p73-ancestor, some of its primitive functions would be similar to that of p63, while others would resemble typical p53-functions and still others, not yet identified, could be p73-related functions (Åberg et al., 2017). So, which are these p73-related functions?

In N. vectensis, an invertebrate model susceptible to genetic analysis, it was shown that the p53/p63/p73-ancestor gene responds to DNA damage, causing apoptosis in its gametes (Pankow and Bamberger, 2007). These experiments prompted the idea that one of the functions of the p53/p63/p73-ancestor could be to trigger apoptosis in response to DNA damage to eliminate damaged germ cells (Pankow and Bamberger, 2007). This role, preserving genome stability of female germ cells, has been kept in mammals by p63 (Suh et al., 2006; Tomasini et al., 2008; Deutsch et al., 2011) where it serves as a quality control (QC) factor that ensures elimination of damaged oocytes before they can be recruited for ovulation (Suh et al., 2006; Livera et al., 2008). This QC function probably evolved into p53 tumor suppression function when more complex organisms required preservation of the somatic cells genome to prevent cancer (Levine, 2020).

Interestingly, p73, which is also involve in orchestrating germ cell maintenance, appears to exert this function not only through a QC mechanism, but also through the maintenance of the cytoarchitecture that provides the nurturing environment required during spermatogenesis (Holembowski et al., 2014; Inoue et al., 2014) and during the ovarian follicle development (Santos Guasch et al., 2018). This is in accordance with the idea that the regulation of tissue architecture could be one of the functions of the p53/p63/p73-ancestor that has been kept in vertebrate-p73. Nevertheless, whether p53/p63/p73-ancestor is required for epithelial organization in N. vectensis, or if the knockdown of the protein would result in defects in germ line maturation of this organism, remains unknown and further functional experiments are required.

The p53/p63/p73-ancestor role as a tissue organizer is supported by its apparent coincidental emergence with the primitive “true” epithelium, which first evolved in Placozoan and Cnidaria (Cereijido et al., 2004; Srivastava et al., 2008; Adams et al., 2010; Figure 1). True occluding epithelia are defined by cells that display an aligned polarity, are connected by belt-forming junctions that anchor the cytoskeleton and are associated with extracellular matrix (ECM) basal lamina (Fahey and Degnan, 2010). The placozoa Trichoplax adhaerens, which encodes the p53/p63/p73-ancestor like protein, is considered to have true occluding epithelia (Srivastava et al., 2008; Adams et al., 2010). It has an asymmetric epithelial bilayer with cells joined by apical junctions that manifest features of the Eumetazoa’s epithelia (Smith and Mayorova, 2019). In addition, its genome also encodes cell-surface adhesion proteins, all polarity complex members, a diverse set of genes that code for putative ECM proteins, as well as cytoskeleton linker proteins (Srivastava et al., 2008; Belahbib et al., 2018). Moreover, the ZO genes, which encode the ZO1-3 scaffold proteins of the tight junction, surge in Placozoa and are expanded in the Craniata (González-Mariscal et al., 2011).

The epithelium constitutes the core tissues of all metazoans, and it is the fundamental building block of all animal’s body structural design and function (Miller et al., 2013). The establishment and maintenance of tissular architecture requires the correct arrangement of the epithelial cells maintaining their central features: apico-basal cell polarity, cell-cell junctions and basal lamina, as well as their associated signaling complexes. Hence, architecture depends upon the organization of cell adhesion complexes, which hold epithelial cells together and connect them with the environment, as well as on the establishment and maintenance of an epithelial polarity program, including cellular cytoskeleton polarity. All these processes have been associated to p73 function in a variety of in vitro and in vivo models and could constitute the groundwork for its role as tissue organizer in several microenvironments (Zhang et al., 2012; Medina-Bolívar et al., 2014; Gonzalez-Cano et al., 2016; Fuertes-Alvarez et al., 2018; Santos Guasch et al., 2018). In this work, we will review the current understanding of p73 role as a brain architect. In particular, we will focus on the architecture of the subventricular neurogenic niche, which is of crucial importance for the maintenance of neural stem cell identity and for their neurogenic potential (Morante-Redolat and Porlan, 2019).



p73 FUNDAMENTAL ROLE IN MOUSE BRAIN DEVELOPMENT

The role of p73 in the development of the CNS was recognized early on based on the profound defects of the total Trp73–/– mice (Yang et al., 2000). These animals suffer from severe progressive ex vacuo hydrocephalus, hippocampal dysgenesis with abnormalities in the pyramidal cell layers (CA1 and CA3) and in the dentate gyrus, and loss of Cajal-Retzius (CR) neurons (Killick et al., 2011). However, the distinct elimination in the isoform-specific knockouts (TAp73KO and DNp73KO), generates subtle effects, and some of the phenotypes detected in the Trp73–/– mice do not even appear in them (Tomasini et al., 2008; Tissir et al., 2009; Wilhelm et al., 2010). This is likely the reflection of either compensatory or redundant mechanisms in the absence of one of the isoforms, and/or possible differences in the genetic background of the mice models (Murray-Zmijewski et al., 2006). This, together with the ability of some isoforms to interact and regulate each other (Murray-Zmijewski et al., 2006), makes the study of the biological functions of this gene extremely complicated.

TAp73 is the predominant isoform expressed in embryonic neural stem cells (NSCs) (Tissir et al., 2009; Agostini et al., 2010; Gonzalez-Cano et al., 2010) and has been shown to regulate NSCs stemness and differentiation in vitro (Hooper et al., 2006; Agostini et al., 2010; Fujitani et al., 2010; Gonzalez-Cano et al., 2010; Talos et al., 2010). In accordance with TAp73 predominant role in neurogenesis, TAp73KO mice show hippocampal dysgenesis, but not ventricle enlargement or hydrocephalus (Tomasini et al., 2008). On the other hand, the DNp73KO mice display signs of neurodegeneration and a small reduction in cortical thickness and neuron number in older mice but do not show hippocampal abnormalities nor hydrocephalus (Tissir et al., 2009; Wilhelm et al., 2010). This led to propose that while DNp73 carries out neural protection functions, TAp73-isoforms are the main contributor to the development of the CNS. A recently developed mice model, with a selective knockout of the C-terminus of the full-length alpha isoform (Trp73Δ13/Δ13 mice), has shed new light on the role of p73 isoforms in the development of the murine brain (Amelio et al., 2020). These mice, which express the TAp73 beta isoforms at physiological levels, but lack the alfa-isoforms, suffer from a depletion of CR neurons in embryonic stages, leading to aberrant hippocampal architecture, reduced synaptic functionality and impaired learning and memory capabilities, altogether resembling the Trp73–/– mice phenotype (Amelio et al., 2020). The authors concluded that the hippocampal dysgenesis was a consequence of deprivation of the CR cells, whose early function is the secretion of reelin that will orchestrate the arrival, size and stratification of all pyramidal neurons of the neocortex gray matter (Marín-Padilla, 2015). Interestingly, several groups have reported a link between cell adhesion and reelin-induced functions in corticogenesis (Sanada et al., 2004; Soriano and del Río, 2005; Sekine et al., 2012; Matsunaga et al., 2017). In the subventricular zone (SVZ), reelin controls the behavior of SVZ-derived migrating neurons, triggering them to leave prematurely the rostral migratory stream (Pujadas et al., 2010; Courtès et al., 2011). However, could lack of CR cells alone explain the severe structural defects of the SVZ in p73-deficient mice?



p73 AS AN ARCHITECT OF THE SVZ AND THE EPENDYMA

Neurogenesis in the mammalian brain is complex and requires specialized microenvironments called “niches” (Scadden, 2006). In the adult brain, two niches haven been identified, the subventricular zone of the lateral walls of the ventricles (Alvarez-Buylla and Garcìa-Verdugo, 2002) and the subgranular zone of the dentate gyrus of the hippocampus (Doetsch et al., 1997). In the SVZ ventricular surface, multiciliated ependymal cells (EpCs) surround monociliated NSCs (B1 cells) forming a unique pinwheel architecture that is essential to maintain neurogenesis (Kuo et al., 2006; Mirzadeh et al., 2010; Paez-Gonzalez et al., 2011). In these pinwheels, the EpCs are polarized within the plane of the tissue, a process that is known as PCP. This essential feature of animal tissues (Butler and Wallingford, 2017) makes feasible that EpCs coordinate cilia beating and direct the cerebrospinal fluid circulation; therefore, PCP disruption results in ciliopathies and hydrocephalus (Marques et al., 2019).

One of the most striking features of the Trp73–/– mice is the complete lack of cytoarchitecture in the SVZ neurogenic niche (Gonzalez-Cano et al., 2016; Fuertes-Alvarez et al., 2018; Marques et al., 2019). TAp73, but not DNp73, is expressed in the EpCs and its precursors, the radial glia cells (Tissir et al., 2009; Hernández-Acosta et al., 2011; Medina-Bolívar et al., 2014; Fujitani et al., 2017), and it is essential for the ependymal cell assembly into neurogenic pinwheels (Gonzalez-Cano et al., 2016). Total p73 deficiency results in altered pinwheels where the EpCs have an aberrant membrane morphology with waves and pleats (Figure 2A), reflecting severe defects on the intercellular junctions at the apical surface of these cells (Gonzalez-Cano et al., 2016). These cell-junction defects also compromise the integrity of the ependymal barrier (Figure 2B), all pointing toward a TAp73 role in the establishment of intercellular junctions.
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FIGURE 2. p73 role as an architect of the SVZ neurogenic niche. (A) p73 is essential for the formation of the neurogenic pinwheels. In the absence of p73, EpCs show an aberrant membrane morphology and fail to organize into pinwheels, disrupting SVZ niche cytoarchitecture. Analysis of lateral ventricle wall whole-mounts of the indicated genotypes at postnatal day P160 immunostained for b-catenin (green), g-tubulin (red), and GFAP (blue). Pinwheel structures are marked by dotted yellow lines. Scale bars: 10 mm. (B) p73-deficient EpCs cell-junction defects compromise the integrity of the ependymal layer and halt the formation of the mono-stratified epithelium. In addition, cells with abnormal marker expression profiles are observed in p73KO brains. Coronal sections of the lateral wall of the lateral ventricle from P15 WT and p73KO mice were stained with the indicated antibodies and analyzed by confocal microscopy. Scale bars: 10 mm. (C) p73 is required for ciliogenesis and planar cell polarity establishment. p73KO cells displayed an abnormal cilia organization and basal body-cluster displacement. SEM (P7 mice) and confocal microscopy analysis (P15 mice, γ-tubulin, yellow; β-catenin, purple) of WT and p73KO lateral ventricle wall wholemounts. (D) p73 is also necessary for the formation of the polarized apical and sub-apical actin lattices in EpCs. Confocal images of WT and p73KO P15 wholemounts displaying as indicated: actin cytoskeleton (phalloidin, green), basal bodies (γ-tubulin, red) and the cell membrane (β-catenin, blue). Images from Dr. Marin’s research group (Gonzalez-Cano et al., 2016, Fuertes-Alvarez et al., 2018).


Compiled evidence indicates that the combination of alterations in vesicle trafficking, cell junction defects and loss of ependymal barrier integrity constructs a common pathway leading to ventricular zone disruption (Ferland et al., 2009). All these processes, as we will discuss later on, have been associated to TAp73 transcriptional regulation. Moreover, it is now accepted that abnormal junction complexes in the cells of the ventricular zone, including NPC, may lead to disruption of the ventricular and subventricular zones, resulting in hydrocephalus and abnormal neurogenesis (Rodríguez et al., 2012; Guerra et al., 2015). Thus, the “cell junction pathology,” resulting from p73 ablation, might be underneath some of the functional and structural alterations of the Trp73–/– mice in the CNS, but also in other organs.

Trp73 function in the establishment of intercellular junctions has been strongly demonstrated in the reproductive epithelia. In the multilayered epithelia of the seminiferous tubules, lack of total p73 or TAp73 results in defective cell-cell adhesion of germ cells with Sertoli cells, leading to the premature detachment of the developing spermatids and concomitant cell death (Holembowski et al., 2014; Inoue et al., 2014). Interestingly, Sertoli cells do not express p73, but they are also affected by the loss of germ cell adhesion in Trp73–/– testes, losing their characteristic morphology as well as the inter-Sertoli cell adhesions that form the blood-testis barrier (Holembowski et al., 2014). Furthermore, in the developing ovary, p73 regulates a set of core genes involved in biological adhesion, thus acting as a regulator of intercellular adhesion, ECM interactions, and cell migration processes required for proper follicle development (Santos Guasch et al., 2018).

However, there are other pathological features of the Trp73–/– mice in which the possible link with cell junctional defects has not been addressed. That is the case of the chronic respiratory and gastrointestinal infections that these animals suffer from Yang et al. (2000). While p73 signaling has been associated to the epithelial cell response to infections caused by, for example, H. pylori (Wei et al., 2008), the cause of the increased susceptibility to infections, per se, in p73-deficient animals is not understood. Interestingly, loss of epithelial integrity has been widely demonstrated to be central to pathogen infection, since disruption of junctional integrity facilitates viral or bacterial entry and spread (Lu et al., 2014). Thus, it would be interesting to address whether the aforementioned “cell junction pathology” resulting from p73-deficiency is at the root of the susceptibility to chronic infections in these mice.

Another interesting scenario are the defects in the vascular network described in the Trp73–/– mice. These mice exhibit extensive gastrointestinal and cranial hemorrhages (Yang et al., 2000) which are suggestive of vascular fragility or other defects in their vascular compartment. Our group reported that Trp73 deficiency in vivo results in aberrant retinal vascular morphology, while in vitro ablation of p73 in 3D mESC and iPSC models impairs the early stages of vasculogenesis, demonstrating the essential role of Trp73 in vascular development (Fernandez-Alonso et al., 2015). Compiled data from several groups supports the idea that this function is, at least in part, due to DNp73 modulation of pro-angiogenic signaling pathways (Dulloo et al., 2015a; Fernandez-Alonso et al., 2015; Stantic et al., 2015). As for TAp73, its role in vascular morphogenesis is unclear, especially regarding tumor angiogenesis. Collectively, several studies have demonstrated that TAp73 can act as both a positive and negative regulator of tumor angiogenesis under different spatio-temporal contexts and therefore, a bi-functional role for TAp73 in angiogenesis has been proposed (Amelio et al., 2015; Dulloo et al., 2015b; Stantic et al., 2015, reviewed in Sabapathy, 2015). However, TAp73 physiological function in vascular morphogenesis still needs to be addressed. Regarding the latter, Stantic et al. reported that TAp73-deficient tumor cells produce and secrete factors that disrupt intercellular contacts in endothelial cells cultured with the tumor cells-conditioned media (Stantic et al., 2015). However, whether the absence of TAp73 in endothelial cells leads to junctional defects, in vivo and/or in vitro, and the possible consequences of this in vascular morphogenesis remains an important open question.



p73 REGULATION OF CYTOSKELETON DYNAMICS AT THE CENTER STAGE OF PCP AND MULTICILIOGENESIS ESTABLISHMENT

An in-depth analysis of the SVZ of Trp73–/–, TAp73KO, and DNp73KO mice revealed that the lack of total p73 results in profound alterations of ependymal multiciliogenesis and PCP establishment (Gonzalez-Cano et al., 2016; Fuertes-Alvarez et al., 2018). The role of p73 on ciliogenesis is complex and has been reviewed elsewhere (Marques et al., 2019; Nemajerova and Moll, 2019). p73-deficiency affects different stages of the process depending on the absence of one or both isoforms. EpCs with total lack of p73 have severe ciliary defects, with many cells lacking ciliary axoneme and others displaying disorganized and aberrant cilia (Gonzalez-Cano et al., 2016; Figure 2C). TAp73 role in cilia formation has been demonstrated in other systems such as in the respiratory and reproductive epithelia, where TAp73 was found to function as a master transcriptional regulator governing motile multiciliogenesis (Marshall et al., 2016; Nemajerova et al., 2016).

TAp73 isoform elimination in TAp73KO mice does not recapitulate total Trp73–/– phenotype in ependymal cells but rather results in a mild phenotype. In these mice, most EpCs display ciliary axoneme but with defective basal body docking and a “disheveled” appearance (Fuertes-Alvarez et al., 2018; Wildung et al., 2019). These defects are most likely due to the observed alterations -linked to TAp73 deficiency- in the sub-apical actin cytoskeleton dynamics and microtubule polarization, which regulates basal body docking and spacing (Vladar and Axelrod, 2008; Werner et al., 2011). On the other hand, DNp73-deficient EpCs do not display any ciliary defects indicating that, in the presence of TAp73, DNp73 is not necessary to orchestrate ciliogenesis. These data suggest that redundant ciliary programs are induced in the absence of TAp73 but that cannot compensate total p73 deficiency. In the same line, the Trp73Δ13/Δ13 mice do not display any apparent alteration in the airway ciliated epithelium, neither in the EpCs, suggesting that p73β or other redundant mechanisms can substitute the function of the longer isoform p73α (Buckley et al., 2020).

The spatial and temporal frame of TAp73 expression in the developing brain is an important question to pinpoint its physiological function. In mice, the transition of neuroepithelial cells to radial glial cells occurs between the embryonic days (E) 10 and 12, when the tight junctions that couple neuroepithelial cells convert into adherens junctions, and the cells acquire features associated with glial cells (Fuentealba et al., 2015). It is noteworthy that TAp73 expression in the Trp73Δ13/Δ13 mice was detected in the neuroepithelium from E11.5 to E16.5 (Amelio et al., 2020). This is an important stage during CNS development in mice, since birth dating experiments suggest that the majority of telencephalic EpC are produced between E14 and E16 (Spassky et al., 2005). By E16 the primary cilia of many transforming radial glial cells have become asymmetrically displaced within its apical surface, a key step in the ependymal cell’s differentiation and in the establishment of the organizations of the SVZ neurogenic niche (Redmond et al., 2019). Moreover, Fujitani and colleagues proposed that p73 regulates embryonic primary ciliogenesis, since disruption of p73 (both TA and DNp73) during early postnatal EpC development (P1-P5) did not cause hydrocephalus (Fujitani et al., 2017). Nevertheless, compiled data strongly support the idea that p73 functions at several stages during radial glial cell transformation into EpC (Marques et al., 2019). Thus, considering the reported early expression of TAp73 during development (Amelio et al., 2020), should we expect the cytoarchitecture of the SVZ in these mice to be maintained? or by the contrary, would sustained expression of TAp73 will be required for organization? Do these mice display PCP defects related to cell-junctions and cytoskeleton alterations as the TAp73KO mice do?

The coordinated polarization of EpC motile cilia within the plane of the tissue allows the synchronized beating that drives directional fluid flow and is required for EpC functionality (Ohata and Alvarez-Buylla, 2016). Multiciliated ependymal cells display two types of PCP, translational PCP (tPCP) and rotational (rPCP). While tPCP is unique to EpCs and is defined by the asymmetric localization of the cilia cluster at the anterior apical surface, rPCP refers to the unidirectional orientation of the motile cilia within the cell (Mirzadeh et al., 2010). PCP is established by asymmetric localization of PCP-core regulatory proteins complexes at opposite sides of the apical membrane (Boutin et al., 2014; Ohata et al., 2014) and it is driven by multiple global cues that guide the subcellular enrichment of PCP-core proteins such as Frizzled, Vangl, Celsr, Disheveled and Prickle (Butler and Wallingford, 2017). PCP-core components then self-assemble into mutually exclusive complexes at opposite sides of a cell to communicate polarity between neighboring cells and direct polarized cell behaviors. Trp73 is necessary for the efficient establishment of both types of PCP (Gonzalez-Cano et al., 2016; Fujitani et al., 2017; Fuertes-Alvarez et al., 2018). In the absence of p73, or even TAp73, PCP-core complexes fail to assembly at opposite intercellular junctions of EpCs, and therefore, polarity is not established, suggesting that p73 might regulate early up-stream events of PCP establishment (Gonzalez-Cano et al., 2016; Fujitani et al., 2017; Fuertes-Alvarez et al., 2018).

But how do the cells, and for that matter TAp73, establish this asymmetry? Several processes have been involved in PCP-core complex’s asymmetry, from cilia-driven fluid flow to cellular rearrangements dependent on cytoskeletal polarity (Takagishi et al., 2017). It is important to bear in mind that asymmetry can be established independently of cilia, through the intrinsic chirality of the actomyosin cytoskeleton (Juan et al., 2018). Polarity in epithelial tissues is known to be influenced by cell-cell junctions, cytoskeletal elements, and by cell-cell signaling. Our group has demonstrated that p73 regulates PCP, at least in part, through TAp73-modulation of actin and microtubule dynamics (Fuertes-Alvarez et al., 2018). The actin cytoskeleton of multiciliated ependymal cells is organized into a cortical network, implicated in cell shape changes, and two interconnected apical and subapical networks that enclose the basal bodies contributing to their spacing and to the synchronization of cilia beating (Werner et al., 2011). p73 is required for the localization and organization of these actin networks, as p73-deficiency results in the complete lack of polarized apical and sub-apical lattices, in the formation of a thick actin cortex and the disposition stress fibers, all with a concurrent change in cell morphology (Fuertes-Alvarez et al., 2018; Figure 2D).

In recent years it has become apparent that actin-microtubule crosstalk is particularly important for the establishment of neuronal and epithelial cell shape and function (Dogterom and Koenderink, 2019). Microtubules crosstalk with PCP at two stages (Vladar et al., 2012; Werner and Mitchell, 2012; Takagishi et al., 2017). First, at the initial polarization establishment, when the microtubule-network grows asymmetrically from the center of the cell toward the anterior region of the apical cell cortex, contacting the plasma membrane at the intercellular microtubule-anchoring points which are polarized at tissue level. Second, when these polarized microtubules asymmetrically transport the PCP-core proteins to the correct anterior/posterior cell boundary (Shimada et al., 2006; Harumoto et al., 2010). Lack of p73 blunts the formation of polarized microtubule-anchoring points at cell junctions, suggesting that impairment of microtubule-dynamics is at the root of the defect in p73-deficient cells (Boutin et al., 2014; Takagishi et al., 2017).

As we will discuss below, the role of p73 as a regulator of cellular cytoskeleton dynamics has been shown in several systems. Thus, we should ask whether p73 regulation of PCP is a general function operating in various tissues and organs, or, on the contrary, it is limited to ependymal cells. Emerging data assign new roles for PCP in postnatal contexts, including formation of functional organs such as lungs and kidneys (Henderson et al., 2018), all highlighting the need of polarized cellular behaviors for proper development and function of diverse organs. In particular, asymmetric distribution of PCP-core complexes at intercellular junctions is required for the correct cilia orientation in other epithelia, like the trachea, oviduct and the organ of Corti. TAp73-deficiency results in ciliary defects in trachea and the oviduct in Trp73–/– and TAp73KO mice (Marshall et al., 2016; Nemajerova et al., 2016). However, the planar organization of these epithelia has not been addressed. Furthermore, defects in PCP have been implicated in human pathologies, leading to the obvious and interesting question of whether alterations in p73 expression or mutations could be implicated in these diseases.



TAp73 AS A CENTRAL HUB THAT MODULATES TRANSCRIPTIONAL PROGRAMS INVOLVED IN CYTOSKELETON DYNAMICS AND CELLULAR ADHESION

The main question that arises is: how does TAp73 modulate all this variety of biological processes? The mechanism of TAp73 role in NSC stemness and neural differentiation is complex and relies on p73 regulation of different transcriptional profiles. In recent years, several genes involved in proliferation, differentiation and/or self-renewal of NSC, like Sox-2, Hey-2, Trim32, and Notch, have been postulated as TAp73 transcriptional targets (Hooper et al., 2006; Agostini et al., 2010; Fujitani et al., 2010; Gonzalez-Cano et al., 2010, 2016; Talos et al., 2010). TAp73 is also implicated in the regulation of post-mitotic neuron function by modulating the expression of p75NTR or GLS2, which are associated to axonal growth and dendritic arborization and neuronal metabolism, respectively (Niklison-Chirou et al., 2017). However, the profound structural alterations observed in the SVZ architecture of the Trp73–/– mice cannot exclusively be explained by defects in cellular proliferation, differentiation, self-renewal or even metabolic defects. Regarding the regulation of multiciliogenesis, the compiled data identified over 100 putative p73 target genes that regulate multiciliated cell differentiation and homeostasis and revealed Foxj1 as a direct TAp73 target, supporting a model in which p73 acts as a regulator of multiciliogenesis through direct and indirect regulation of key genes (Marshall et al., 2016; Nemajerova et al., 2016). TAp73 undoubtedly acts as a master regulator of ciliogenesis and Trp73 total loss results in dramatic ciliary defects in EpCs, oviduct, middle ear and respiratory tract (Gonzalez-Cano et al., 2016; Marshall et al., 2016; Nemajerova et al., 2016; Fujitani et al., 2017). Still, the elimination of this ciliary function alone could not explain the abovementioned structural alterations. Interestingly, lack of TAp73 in EpCs results in defective actin and microtubule networks with a concomitant loss of PCP even though the ciliary axonemal growth remains unaffected, suggesting that TAp73 uncouples ciliogenesis from PCP establishment and regulates multiple independent, but interrelated, transcriptional programs to orchestrate these processes. In this regard, our group has demonstrated that mechanistically, TAp73 modulates actomyosin dynamics, at least in part by the transcriptional regulation of the myosin light chain kinase (MLCK), the activator of non-muscle myosin II (NMII) (Fuertes-Alvarez et al., 2018), which functions as a cortical organizer to concentrate E-cadherin to the zonula adherens (Smutny and Yap, 2010). TAp73 also activates transcriptional programs involved in the regulation of microtubule-dynamics and Golgi organization signaling pathways, both necessary for PCP establishment (Fuertes-Alvarez et al., 2018). Along the same lines, some of the genes significantly bound and regulated by p73 in multiciliated trachea cells, like Traf3ip1 and Tubb4b (Marshall et al., 2016), are known to regulate the acetylation, polymerization and stabilization of microtubules (Berbari et al., 2011; Bizet et al., 2015; Sobierajska et al., 2019) or to be involved in vesicle trafficking, like Sec24b, that selectively sorts Vangl2 to regulate PCP (Merte et al., 2010).

A growing body of work indicates that the functional interaction between cell junctions and actin and microtubule cytoskeleton is critical for epithelial morphogenesis (Robinson, 2015; Adil et al., 2021). As discussed before, a possible common denominator to many of the p73-deficient phenotypes is the cell junctional defect and cytoskeleton dynamics alterations, suggesting a general function of TAp73 as a central hub that modulates transcriptional programs involved in these processes. To address whether this is the case, we revisited some of the transcriptomic studies that have been used to identify TAp73 target genes. We selected the genome-wide studies from Koeppel et al. (2011), Santos Guasch et al. (2018), and López-Ferreras et al. (2021). In their work, Koeppel et al. used the p53-deficient, TAp73β-inducible, osteosarcoma cell line Saos2-Tet-On to characterize the molecular basis for the different physiological functions of p73. In the second study, the authors measured global gene expression changes by RNA-seq after ectopic expression of TAp73β in mouse granulosa cells (MGCs) isolated from Trp73–/– female mice. They express TAp73β basing their decision on previously published data showing that TAp73β exhibits the highest level of transcriptional activity among p73 isoforms (Lee and La Thangue, 1999; Ueda et al., 1999). Lastly, López-Ferreras et al. (2021) characterized the transcriptomic profile of E14TG2α mouse embryonic stem cells (mESCs) in which they specifically inactivated the TAp73-isoform (E14-TAp73KO) using the CRISPR/Cas9 system. In particular, we selected the analysis performed by the authors under differentiation conditions, since this approach offers the advantage of investigating p73 regulation in a physiological context that recapitulates early developmental stages where p53 family members are known to be upregulated (Medawar et al., 2008; Wang et al., 2017). Using the published RNA-seq data, we focus on the differentially expressed genes (DEGs) that were upregulated upon TAp73-expression in MGCs and Saos-2-Tet-On, or downregulated in E14-TAp73KO. To limit our analysis to genes that are potentially direct TAp73 targets, we compared those DEGs lists with a compilation of candidate genes with p73 genomic binding sites identified through ChIP-seq-studies (Koeppel et al., 2011; Marshall et al., 2016; Santos Guasch et al., 2018) and analyzed them with DAVID Bioinformatics Resources 6.8 (Huang et al., 2008, 2009) to identify enriched biological GO terms and obtain a functional annotation clustering.

Highlighting the significance of p73 non-canonical functions, one of the clusters with the highest enrichment score for the three analyzed models was related to “Development” (GO:0048731∼system development, GO:0048513∼animal organ development, GO:0048869∼cellular developmental process, etc.), even ahead of p73 role in controlling cell death/cell proliferation (Figures 3A–C). Also consistent with the expected behavior for a tissular architect, functions related to “Cell-cell adhesion” and “Actin cytoskeleton” were significantly enriched in all the selected gene lists. The preservation of tissue function not only relies on biophysical cues, but also on the correct biochemical communication between cells and with the ECM to relay positional information. Accordingly, clusters like “Cell communication” and “Vesicular transport” (GO:1903561∼extracellular vesicle; GO:0070062∼extracellular exosome) showed a highly significant enrichment score. This coupling at molecular level between different aspects of tissue architecture reinforces p73 role as a key regulator of the organization and homeostasis of complex microenvironments. On a similar note, other annotation clusters like “Cell migration,” “Neuron projection,” or “Blood vessel development” were also highly significant. These findings are consistent with previous reports of p73 regulation of cell migration (Landré et al., 2016), and with the essential p73 function in neural and vascular development previously discussed in this review, altogether indicating that the cellular systems analyzed here are excellent models to identify and study putative TAp73 target genes.


[image: image]

FIGURE 3. p73 is a central hub of cellular adhesion and cellular cytoskeleton dynamics. For the indicated cell models, putative TAp73 target genes (DEGs*) were obtained by comparison of differentially expressed genes (DEGs) derived from RNA-seq studies with candidate genes containing p73 binding peaks (*) according to ChIP-seq studies by Koeppel et al. (2011), Marshall et al. (2016), and Santos Guasch et al. (2018). A total number of 736 genes for Saos-2-Tet-On cells, 679 genes for MGCs, and 709 genes for E14-TAp73KO were analyzed with DAVID Bioinformatics Resources 6.8. Functional annotation clustering was performed and enriched biological GO terms for Saos2-Tet-On cells (A), MGCs (B) and E14-TAp73KO (C) are represented. Overlapping genes within GO terms related to “Cell-cell adhesion” and “Actin cytoskeleton” were furthered identified and represented for the three cell models (A’–C’). Comparison of the whole list of DEGs assigned to these clusters between the three cell models is shown (D,E). Publicly available datasets were analyzed in this study and can be found here: GSE15780, PRJNA310161; PRJNA437755. The pictures were created with BioRender.com.


To gain insight into p73 regulation of cell adhesion and actin cytoskeleton dynamics we explored, for each cell type, the overlapping genes within the main GO terms included in these clusters (Figures 3A‘–C’ and Supplementary Table 1). Regarding cell adhesion, we focused on p73 putative targets that were common to the terms “GO:0005912∼adherens junction,” “GO:0050839∼cell adhesion molecule binding” and “GO:0098631∼protein binding involved in cell adhesion.” Within these, we found: (i) genes encoding integrins such as Itga2 and Itga6, or the Zonula occludens protein ZO2, a scaffold protein that physically links transmembrane tight junction proteins to the apical cytoskeleton of actomyosin (Raya-Sandino et al., 2017), in Saos2 cells; (ii) the LIM domain and actin binding 1 protein LIMA1, a demonstrated direct transcriptional target of TAp73 whose activity is counteracted by DNp73 (Steder et al., 2013), or the cytoskeleton-related protein PDLIM5, also known as ENH (Enigma homolog) (Huang et al., 2020), in MGCs; and (iii) genes encoding E-cadherin or plectin-one of the major cytoskeletal linker proteins- (Wiche et al., 2015), in E14TG2α cells. Some of these DEGs were shared between cell models, although it should be noted that there was only one DEG associated to the analyzed GO terms that was common to the three cell types. This gene encoded the myosin phosphatase Rho-interacting protein MPRIP, a scaffold protein that associates with the actomyosin cytoskeleton, regulating myosin light chain phosphatase (MLCP), and that has been involved in the regulation of stress fibers (Koga and Ikebe, 2005). Whether this gene is a true p73 transcriptional target remains to be validated.

A similar situation occurred for genes related to actin cytoskeleton regulation. In this case, we draw our attention to the functional annotation terms “GO:0030029∼actin filament-based process,” “GO:0032970∼regulation of actin filament-based process” and “GO:0007015∼actin filament organization.” Among the DEGs shared within cell models, we could find some genes playing relevant roles for cytoskeleton dynamics, like Fscn1 (DEG in Saos-TetOn and MGCs) or Scd4 (DEG in Saos-TetOn and E14TG2α). FSCN1 is an actin binding-protein involved in the formation of essential cell structures for migration, cell-to-cell interactions and cell-matrix adhesion (Lamb and Tootle, 2020); therefore, different studies have highlighted its importance for tissue architecture, particularly when it is disrupted in tumor microenvironments (Liu et al., 2021). Syndecans are transmembrane proteins which act as communicators between intracellular, cell surface and ECM components (Elfenbein and Simons, 2013). Loss of Syn-4 alters the actin network and affects focal adhesions, decoupling vinculin from the actin filaments (Cavalheiro et al., 2017). Finding several genes related to cell-ECM interactions when collectively analyzing these transcriptomic studies may imply that the role of p73 as a tissue architect goes far beyond than anticipated and points to p73 involvement in integrin associated-signaling, as already suggested by Xie et al. (2018) or López-Ferreras et al. (2021).

The DEG analysis of cell adhesion and cytoskeleton dynamics clusters for the individual models led as to ask whether we could define a more global transcriptional profile by comparing the whole list of DEGs assigned to these clusters in Saos2-TetOn, MGCs, and mESCs (Figures 3D,E). For both biological functions, the cell models with a stronger epithelial component (MGCs and E14TG2α) shared a core set of genes regulated by p73 (36 genes for “Cell-cell adhesion” and 22 genes in the case of “Actin cytoskeleton”), supporting the existence of a “p73 gene signature” associated to tissue architecture. Interestingly, Koeppel et al. (2011) proposed that TAp73β seems to induce target genes that fall into KEGG functional categories linked to metastasis, such as focal adhesion, ECM–receptor interaction and actin cytoskeleton regulation. On the other hand, the p53-signaling pathway is the first functional category that appears in the KEGG pathway analysis for TAp73β, although biological process such as “cell adhesion” and “biological adhesion” were included in their GO functional analysis. In agreement, other GO studies demonstrate that overexpression of TAp73β can also regulate these functions in diverse cellular contexts (Fuertes-Alvarez et al., 2018; Santos Guasch et al., 2018; López-Ferreras et al., 2021). It is worth noting that the molecular networks involved in cell-to-cell adhesion revealed by Santos Guasch et al. (2018) in a total Trp73 knockout scenario are further supported by the recent study of López-Ferreras et al. (2021), with specific inactivation of TAp73 in mESCs, emphasizing the interest of this fine-tuned cellular model to decipher the role of the Trp73 gene isoforms. Altogether, the analyzed studies indicate that the integration of -omics data could be a very valuable strategy to provide a more comprehensive dissection of p73 regulated molecular networks and, overall, they place p73 as a central hub in the regulation of cell adhesion and cytoskeleton dynamics, two cornerstones for tissue architecture.



CONCLUSION

TP73 belongs to one of the most intensively studied gene families in molecular oncology. The considerable interest stems from the fact that most human tumors have subverted the function of the founding member of this family, the p53 protein. Thus, since its serendipitous discovery (Kaghad et al., 1997), p73 tumor suppression function was expected by virtue of its homology with p53 and its localization to chromosome 1p36, a region that is frequently deleted in a variety of tumors (Ichimiya et al., 1999). However, this function has been a matter of controversy, fueled by the fact that inactivation of the TP73 gene is a very rare event in cancers involving chromosome 1p (Han et al., 1999; Inoue and Fry, 2014). Moreover, the observation that viral oncoproteins discriminate between p53 and p73 suggests that the functions of these two proteins may differ under physiological conditions (Marin et al., 1998).

The discovery of the TA- and DN-p73 isoforms with antagonist anti- and pro-oncogenic functions, and the TAp73KO mice predisposition to spontaneous tumorigenesis, demonstrated TAp73 role as a tumor suppressor gene (Tomasini et al., 2008). However, there is growing evidence indicating that while TAp73 has a role in tumor suppression, it is likely to be secondary (reviewed in Wang et al., 2020). The complex phenotype of the Trp73 deficient mice have revealed that p73 function is essential for the organization and homeostasis of different complex microenvironments governing various aspects of tissue physiology. Altogether, this has raised the idea that TAp73 was not evolved for tumor suppression, but rather to perform unique functions in regulating developmental processes through p53-independent mechanisms (Wang et al., 2020). We propose that some of the, apparently unrelated, phenotypes observed in Trp73–/– mice are the reflection of the p73 requirement for the establishment and/or maintenance of tissue organization (Figure 4). This function as a tissular architect might represent one of the original roles of the p53/p63/p73-ancestor. Furthermore, it is important to bear in mind that this function might reconnect with TAp73 tumor suppressor function, since a recent report proposes that the metastatic programs arise from the reactivation, outside of its homeostatic context, of normal embryonic developmental transcriptional modules (Logotheti et al., 2020). Thus, in a similar way, deregulation of p73 expression during tumor progression could result in alterations of the transcriptional nodes that p73 regulates as a tissue architect, playing a pivotal role during metastasis establishment.


[image: image]

FIGURE 4. Overview of the proposed p73 novel role as a tissue architect. We present a model in which p73 would act as a tissue architect by regulating transcriptional hubs involved in cellular adhesion and cytoskeleton dynamics. In determined spatio-temporal contexts, TAp73 will interplay with other transcriptional programs to orchestrate morphogenic processes like ciliogenesis and/or PCP, ensuring the correct overall tissular architecture in complex microenvironments such as neurogenic niche, the respiratory and reproductive epithelium and, maybe, the vascular network. The pictures were created with BioRender.com.


In this model, p73 regulates distinct transcriptional nodes in a hierarchical manner that would functionally interact with each other in a cell context and time dependent manner. Cell adhesion mechanisms are responsible for assembling cells together and, along with their connections to the internal cytoskeleton, determine the overall architecture of the tissue (Gumbiner, 1996). In this way, TAp73-regulated transcriptional hubs, involved in cytoskeleton dynamics and cellular adhesion, will constitute the basement of p73 function as a tissue architect. In a context dependent manner, TAp73 will combine the regulation of this basic transcriptional model with other tissue specific transcriptional profiles to orchestrate complex morphogenic processes like ciliogenesis and/or PCP (Figure 4). In turn, the coordinated orchestration of these processes (cell adhesion, cytoskeleton dynamic ciliogenesis and PCP) by p73 impinges on the cellular activities, leading to tissue and organ scale functionality of complex microenvironments such as neurogenic niche, the respiratory and reproductive epithelium and, maybe, the vascular network. Thus, based in the compiled data available on p73 physiological function, we propose that p73 might function as a tissue architect, and not just as another p53-Doppelgänger (Kaelin, 1998).
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The p53 family of tumor suppressors, which includes p53, p63, and p73, has a critical role in many biological processes, such as cell cycle arrest, apoptosis, and differentiation. In addition to tumor suppression, the p53 family proteins also participate in development, multiciliogenesis, and fertility, indicating these proteins have diverse roles. In this review, we strive to cover the relevant studies that demonstrate the roles of p53, p63, and p73 in lipid and iron metabolism.
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INTRODUCTION

For over 40 years, p53 has been characterized as a master transcriptional regulator that mediates the expression of various genes to prevent aberrant cell growth (Ko and Prives, 1996). Just before the turn of the century, the TP63 and TP73 genes were discovered due to their significant homology to TP53, particularly in the DNA-binding domain (Kaghad et al., 1997; Schmale and Bamberger, 1997; Trink et al., 1998; Borremans et al., 2001). These three genes constitute the p53 family.

The TP53, TP63, and TP73 genes are expressed as multiple N- and C-terminal isoforms through two promoters and alternative splicing (Figure 1). In TP53, promoter 1 (P1) gives rise to two translation initiation start sites, termed ATG1 and ATG40, which produce full-length p53 (FLp53) and Δ40p53, respectively (Courtois et al., 2002; Yin et al., 2002). Both isoforms possess transactivation function even though Δ40p53 contains a truncated form of the conventional transactivation domain (Zhu et al., 1998; 2000; Harms and Chen, 2005). Similarly driven by P1, TP63/73 express TAp63/73 isoforms, which have a transactivation domain that is comparable to the one found in FLp53 (Arrowsmith, 1999). By using promoter 2 (P2), all family members produce the N-terminally truncated isoforms, termed Δ133p53 and Δ160p53 in TP53, which arise from translation initiation start sites ATG133 and ATG160 (Bourdon et al., 2005), and ΔNp63/73 in TP63/73 (Yang et al., 1998; 2000). Interestingly, despite lacking the conventional transactivation domain, ΔNp63 and ΔNp73 are transcriptionally active and can induce some p53 targets (Liu et al., 2004; Helton et al., 2006). Alternative splicing at the C-terminus of each gene generates additional isoforms. TP53 produces three (α, β, γ) C-terminal isoforms (Bourdon et al., 2005), TP63 produces four (α, β, γ, δ) C-terminal isoforms (Yang et al., 1998; Mangiulli et al., 2009), and TP73 produces at least seven C-terminal isoforms (α, β, γ, δ, ε, ζ, η) (De Laurenzi et al., 1998; 1999). While the N-terminal isoforms of p53, p63, and p73 are well studied, the C-terminal isoforms remain largely uncharacterized.
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FIGURE 1. The genomic loci of TP53, TP63, and TP73. All three genes contain two promoters (P1 and P2) through which transcription initiation may occur, resulting in the formation of the N-terminal isoforms. TP53 contains four alternative translation start sites termed ATG1, ATG40, AG133, and ATG160 that give rise to FLp53, Δ40p53, Δ133p53, and Δ160p53, respectively. Alternative splicing at the 3′ end produces the C-terminal isoforms in each gene with the exception of p63γ, which results from transcriptional termination in intron 10. There exists significantly homology between each gene in the transactivation domains (purple), DNA-binding domains (green), and oligomerization domains (orange).


The biological function of the p53 family proteins has been demonstrated through various mouse models. The very first p53-knockout model showed that mice deficient in p53 were prone to spontaneous tumors, but otherwise developed normally (Donehower et al., 1991). Later, it was discovered that p53 dysregulation, predominantly overexpression, can lead to impaired embryogenesis and other developmental defects (Luna et al., 1995; Sah et al., 1995; Parant et al., 2001; Zhang et al., 2012; Nostrand et al., 2014). Unlike p53, total p63-knockout mice exhibit severe epidermal and craniofacial abnormalities and die shortly after birth (Celli et al., 1999; Mills et al., 1999; Yang et al., 1999). Further studies revealed that ΔNp63 is responsible for the observed phenotype (Candi et al., 2006; Koster et al., 2007). In contrast, TAp63-knockout mice did not exhibit birth defects, but were prone to spontaneous tumors, indicating that TAp63 functions as a tumor suppressor to maintain genome stability (Suh et al., 2006; Guo et al., 2009; Su et al., 2009). Similarly, total p73-knockout mice were runty and had severe neurological defects, chronic inflammation, fertility issues (Yang et al., 2000), and impaired multiciliogenesis (Marshall et al., 2016; Nemajerova et al., 2016). It was later found that ΔNp73-knockout mice exhibited neurodegeneration (Wilhelm et al., 2010), whereas TAp73-knockout mice were prone to spontaneous tumors (Tomasini et al., 2008).

Continued research efforts into the more nuanced cancer-associated roles of the p53 family proteins is undeniably valuable. However, emerging evidence suggests that these proteins possess additional important functions that can affect various human diseases, such as diabetes mellitus and liver steatosis. This review will focus specifically on the roles of the p53 family in lipid and iron metabolism.



LIPID METABOLISM

Lipids play an important role in various biological processes and serve as an essential building block for many cellular structures. Tight regulation of lipid metabolism is crucial for proper organismal function, and dysregulation has been implicated in numerous diseases, such as Alzheimer’s disease and fatty liver disease (Hooijmans and Kiliaan, 2008; Hasson et al., 2016). There are three main sources of lipids: dietary lipids, fatty acids produced by hepatocytes and adipocytes, and lipoproteins produced by hepatocytes (Giammanco et al., 2015). In the lumen of the gastrointestinal tract, dietary lipids become emulsified by combining with bile salts, which allows for lipid hydrolysis and subsequent import to enterocytes (Hussain, 2014). In enterocytes, lipids are processed by the endoplasmic reticulum and packaged into lipoprotein bundles, called chylomicrons (Hussain, 2014; Giammanco et al., 2015), to allow for transport through the circulation (Alekos et al., 2020). Once chylomicrons arrive at a target cell, lipases break them down to permit cellular import of lipids (Alekos et al., 2020). Hepatocytes are then responsible for recycling chylomicron components to allow for later use (Alekos et al., 2020).

At the cellular level, lipids are categorized into three groups: structural lipids, lipid droplets, and bioactive lipids. Structural lipids are comprised of phospholipids and form cell and organelle membranes (Bohdanowicz and Grinstein, 2013), which are important for cellular compartmentalization. Lipids are also a main source of energy and are stored as modified sterols and fatty acids in specialized organelles called lipid droplets, which are predominantly found in adipocytes (Röhrig and Schulze, 2016; Olzmann and Carvalho, 2019). This modification gives sterols and fatty acids a neutral charge to form sterol esters (Korber et al., 2017) and triglycerides (Alves-Bezerra and Cohen, 2018), respectively. Bioactive lipids are unique in that they are involved in signal transduction and are categorized into multiple classes, including sphingolipids (Hannun and Obeid, 2008), diacylglycerols (Peter-Riesch et al., 1988), and eicosanoids (Levy et al., 2001). Sphingolipids are further categorized into several sub-classes, such as sphingomyelin, galactosylceramide, glucosylceramide, and sphingosine (Hannun and Obeid, 2018). Studies have shown that sphingolipids can modulate cell death and survival pathways, including apoptosis, cell growth/inhibition, and migration (Hannun and Obeid, 2018). Diacylglycerols serve as a secondary messenger in many critical cellular processes, such as neurotransmitter release (Ma et al., 2013) and insulin signaling in islet cells (Peter-Riesch et al., 1988). Eicosanoids have been implicated in mediating the inflammatory response (Levy et al., 2001). Lipids are exceedingly important for many cellular processes, from structure to signaling. In this review, we focus on the role of the p53 family proteins in cholesterol and fatty acid metabolism. Table 1 provides a summary of the p53 family targets that are involved in lipid metabolism, and Figure 2 briefly outlines cholesterol and fatty acid metabolism pathways.


TABLE 1. Targets of the p53 family that are associated with lipid metabolism.
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FIGURE 2. Summary of lipid metabolism, as it pertains to the p53 family. The mevalonate pathway is out lined in the upper half. Fatty acid oxidation and synthesis are portrayed in the lower half. Proteins marked with an asterisk are regulated by the p53 family. FAO, fatty acid oxidation; TCA, tricarboxylic acid cycle; FAS, fatty acid synthesis; ACSL, long-chain acyl-CoA synthetase; CPT, carnitine palmitoyltransferase; ACLY, ATP citrate lyase; MLYCD, malonyl-CoA decarboxylase; ACC, acetyl-CoA carboxylase; FASN, fatty acid synthase; SREBP2, sterol regulatory element-binding protein 2.



p53


Cholesterol

Multiple studies have shown that p53 is implicated in regulating the levels of intracellular free cholesterol. Sterol Regulatory Element-Binding Protein 2 (SREBP-2) is a master transcriptional regulator of the mevalonate pathway and responds to sterol depletion by promoting cholesterol synthesis (Brown and Goldstein, 1997). It was found that p53 inhibits SREBP-2 maturation through the upregulation of ABCA1 (Moon et al., 2019), an ATP-binding cassette transporter that inhibits cholesterol synthesis and drives cholesterol export when cholesterol stores are high (Yamauchi et al., 2015). Additionally, p53 can promote cholesterol export through the upregulation of CAV1 (Bist et al., 2000), a scaffold protein that binds intracellular free cholesterol and facilitates its efflux (Fielding and Fielding, 1995). To enhance cellular cholesterol storage, p53 transactivates dehydrogenase/reductase member 3 (DHSR3) (Kirschner et al., 2010; Deisenroth et al., 2011), which decreases intracellular free cholesterol by increasing lipid droplet formation (Martin and Parton, 2006). Conversely, p53 has been shown to inhibit cholesterol storage by negatively regulating SOAT1 (Oni et al., 2020). SOAT1 decreases intracellular free cholesterol by increasing cholesterol storage, thus disrupting the negative feedback loop that prevents cholesterol synthesis when free intracellular cholesterol levels are high (Oelkers et al., 1998). Furthermore, Cyp19, an aromatase essential for estrogen synthesis (Thompson and Siiteri, 1974), was found to be upregulated by p53, which prevents intracellular free cholesterol overload and adipocyte formation (Wang et al., 2013). One study revealed a potential link between p53 and LIMA1, also called SREBP3, in mediating cholesterol absorption in the gastrointestinal tract. p53 was shown to upregulate LIMA1 through p53-response elements in its promoter (Ohashi et al., 2017), and LIMA1 promotes cholesterol absorption in the intestine (Zhang et al., 2018). Interestingly, there are some conflicting findings regarding p53 regulation of other mevalonate pathway genes. For example, one group showed that p53 inhibited expression of mevalonate pathway genes HMGCR, MVK, FDPS, and FDFT1 (Moon et al., 2019), but another group showed that p53 enhanced expression of these genes (Laezza et al., 2015), suggesting that p53 may regulate some mevalonate pathway genes in a context-dependent manner. Collectively, these findings suggest that multiple targets are regulated by p53 to prevent intracellular free cholesterol accumulation and to maintain the integrity of the negative feedback loop that regulates cholesterol storage and synthesis.



Fatty Acids

Fatty acid oxidation, also known as β-oxidation and hereafter referred to as FAO, is the process of breaking down long-chain fatty acids (LCFAs), primarily in the mitochondria; FAO can be initiated in peroxisomes, but the byproducts undergo complete oxidation in the mitochondria (Qu et al., 2016). LCFAs are metabolized by long-chain acyl-CoA synthetase to form acyl-CoA (Mashek et al., 2007), which is then transported into the mitochondrial matrix by a series of reactions catalyzed by the carnitine palmitoyltransferase system (Rufer et al., 2009). Acyl-CoA is then used as a substrate to initiate FAO (Qu et al., 2016). Each cycle of FAO in the matrix removes two carbons from the fatty acid, until four carbons remain; these are then used to synthesize acetyl-CoA (Qu et al., 2016).

De novo fatty acid synthesis (FAS) is the process by which cells generate fatty acids that are used in various cellular processes (Röhrig and Schulze, 2016). FAS starts with citrate produced by the tricarboxylic acid (TCA) cycle or glutamine metabolism (Akram, 2014; Röhrig and Schulze, 2016). Citrate is then cleaved by ATP-citrate lyase to form acetyl-CoA, which is the starting substrate for FAS (Zaidi et al., 2012). Acetyl-CoA carboxylases convert acetyl-CoA to malonyl-CoA (Abu-Elheiga et al., 2000), at which point fatty acid synthase (encoded by FASN) catalyzes the reaction between seven malonyl-CoA molecules and one acetyl-CoA molecule to form palmitate, a long-chain fatty acid (Smith et al., 2003). Palmitate is then modified in length (Jakobsson et al., 2006) and degree of saturation (Igal, 2010) to form additional fatty acids.

p53 has been shown to predominantly promote FAO (Parrales and Iwakuma, 2016). RNA-seq analysis revealed that p53 upregulates CrOT (peroxisomal carnitine O-octanoyltransferase) (Goldstein et al., 2012), which is responsible for transporting byproducts of peroxisomal FAO to mitochondria to allow for complete oxidation (Longo et al., 2016). Similarly, another group showed that p53 pathway activation following γ-irradiation led to increased CrOT expression (Hage-Sleiman et al., 2017). In regards to mitochondrial FAO, p53 was found to upregulate Acad11 (Jiang et al., 2015), which encodes acyl-CoA dehydrogenase and catalyzes the first step of FAO in the mitochondrial matrix (He et al., 2011). p53 can additionally promote FAO through upregulation of MLYCD (Liu et al., 2014), which encodes malonyl-CoA decarboxylase and converts the FAO inhibitor malonyl-CoA to acetyl-CoA (Foster, 2004). As evidenced by the name of many FAO intermediates, CoA is a critical molecule in many FAO reactions (Leonardi et al., 2005), and p53 was found to upregulate PANK1, which promotes CoA production (Wang et al., 2013). By complexing with FOXO3a, p53 transactivates SIRT1 (Nemoto et al., 2004), a deacetylase that acts on histones and transcription factors to promote FAO (Rahman and Islam, 2011; Derdak et al., 2013). Activation of p53 in response to DNA damage and glucose starvation results in increased expression of LPIN1, a transcriptional co-activator, to promote FAO (Assaily et al., 2011). Lipin-1 also aids in diacylglycerol formation (Donkor et al., 2007), suggesting a role for p53 in diacylglycerol metabolism. There is evidence that p53 directly upregulates CPT1C, a neuron-specific carnitine palmitoyltransferase that transfers the acyl group from long chain fatty acyl to carnitine to initiate FAO (Lee and Wolfgang, 2012; Sanchez-Macedo et al., 2013). In addition to CPT1C, there are other tissue-specific carnitine palmitoyltransferase family members, such as CPT1a in the liver and CPT1b in muscle (Greenberg et al., 2009). Thus, it is possible that p53 might regulate FAO through CPT1a and CPT1b. p53 was shown to transactivate ADRB3 (Kang et al., 2020), which promotes lipolysis, or the breakdown of triglycerides into fatty acids to allow for FAO (Arner and Langin, 2014). Interestingly, a p53 mutant could induce ADRB3 to a higher degree (Kang et al., 2020). Likewise, studies showed that p53 can prevent lipogenesis through upregulation of OPN, which encodes osteopontin (Gómez-Santos et al., 2020). In vivo analyses in mouse livers showed that OPN levels were increased in response to an increase in p53 (Gómez-Santos et al., 2020). Conversely, a recent report showed that p53 inhibits FAO through PGC1A and APLNR in response to doxorubicin treatment in cardiomyocytes (Saleme et al., 2020). These data lead us to hypothesize that p53 could have tissue/cell-specific effects on FAO.

p53 has been shown to inhibit FAS (Parrales and Iwakuma, 2016). For example, p53 can negatively regulate transcription of SREBP-1c to inhibit FAS (Yahagi et al., 2003). SREBP-1c, a SREBP family member, is involved in triglyceride and fatty acid synthesis predominantly in the liver, which leads to fat accumulation (Shimano et al., 1997; Shimomura et al., 1998). Additionally, p53 has been implicated in inhibiting FAS through repression of NADPH production, a critical energy source utilized during FAS (Brose et al., 2016). p53 can inhibit NADPH production through negative transcriptional regulation of malic enzyme 1 and 2 (ME1 and 2) (Jiang et al., 2013). ME1/2 catalyze the formation of pyruvate from malate, which produces NADPH (Wise and Ball, 1964). Additionally, p53 prevents NADPH production through inhibition of glucose-6-phosphate dehydrogenase (G6PD) via protein-protein interaction, which requires p53’s C-terminus, DNA-binding domain, and tetramerization domain (Jiang et al., 2011). G6PD is an enzyme that catalyzes the first step of the pentose phosphate pathway (PPP), a major source of NADPH production (Ge et al., 2020). While reports show that p53 predominately inhibits NADPH production, some p53 targets have been identified as promoters of NADPH production. For example, TIGAR, a well-defined p53 target, activates PPP to drive NADPH production, which has been shown to prevent ROS formation (Bensaad et al., 2006). Additionally, it was found that p53 promotes NADPH production through suppression of PFKFB3 expression, which favors glycolysis over PPP (Franklin et al., 2016).




p63 and p73

Several studies have unveiled an important role for p63 in lipid metabolism, although the mechanisms are not fully understood. It was shown that TAp63 deficiency in mice increases the incidence of obesity and liver steatosis and impairs FAO function (Su et al., 2012; Liao et al., 2017). It was found that TAp63 promotes FAO through upregulation of SIRT1 (a previously described p53 target) and the LKBI/AMPK pathway, the latter of which prevents the conversion of acetyl-CoA to the FAO inhibitor malonyl-CoA (Li et al., 2020). As previously mentioned, p53 promotes the production of acetyl-CoA from malonyl-CoA (Liu et al., 2014), suggesting that the p53 family can transactivate multiple targets to prevent malonyl-CoA formation. Additionally, TAp63 was shown to inhibit FAS by upregulating CCDC3 (Liao et al., 2017), which encodes a soluble protein that binds to hepatocyte receptors (Kobayashi et al., 2010). While there is limited research on p63 and cholesterol regulation, it has been shown that p63, like p53, inhibits cellular cholesterol accumulation through DHSR3 (Kirschner et al., 2010) and promotes intestinal cholesterol absorption through LIM1A (Zhang et al., 2018).

Phenotypic similarities between p63- and p73-deficient mice suggest that p73 has an analogous role in regulating lipid metabolism. In response to nutrient deprivation, loss of p73 leads to lipid accumulation in mouse livers (He et al., 2013). Mechanistically, TAp73α/β were shown to modulate lipid metabolism through ATG5, a gene that is necessary for autophagy (He et al., 2013). Autophagy is an intracellular process that, among other things, can break down lipid droplets to allow for FAO (Ye et al., 2018; Saito et al., 2019). As such, gene transfer of ATG5 to p73-knockout mice mitigated the accumulation of lipid droplets in the mouse livers (He et al., 2013). As with p53 and p63, p73β can upregulate LIM1A to increase cholesterol absorption (Y. Y. Zhang et al., 2018). These data suggest that p73 prevents lipid accumulation through a mechanism that is quite different from how p53 and p63 regulate this process.




IRON METABOLISM

Iron is an essential element for all living entities and plays an important role in many cellular processes, such as oxygen transport and cell proliferation (Kim and Nemeth, 2015; Wallace, 2019). Additionally, iron is a critical cofactor that is required for various metabolic activities, such as DNA synthesis (Puig et al., 2017). An organism’s main source of iron is through dietary intake (Waldvogel-Abramowski et al., 2014). In the gastrointestinal tract, iron exists as non-heme- or heme-iron (Waldvogel-Abramowski et al., 2014); heme is a porphyrin that contains iron (Fiorito et al., 2020). At physiological pH, non-heme iron is present in the ferric (Fe3+) state, but cells can only absorb it in the ferrous (Fe2+) state (Wallace, 2019). Duodenal cytochrome B (Dcytb) reduces Fe3+ to Fe2+ in the lumen and ferrous iron is absorbed by enterocytes through divalent metal cation transporter 1 (DMCT1) (Wallace, 2019). On the other hand, heme-iron is directly imported by haem carrier protein 1 (HCP1). Once in enterocytes, iron is exported by ferroportin 1 (FPN1), whose function is inhibited by hepcidin (Waldvogel-Abramowski et al., 2014). In the plasma, Fe2+ is converted back to Fe3+ by ceruloplasmin and binds to transferrin for transport through the circulation (Attieh et al., 1999). A summary schematic of this process is shown in Figure 3. Once iron has entered the target cell, it binds ferritin until it is needed (Waldvogel-Abramowski et al., 2014). Regulation of iron metabolism is exceedingly important because iron overload, like in hemochromatosis (Bacon et al., 2011), can lead to heart disease and liver cirrhosis, while deficiency can result in anemia and developmental impairments (Abbaspour et al., 2014). The p53 family has been implicated in mediating iron metabolism to prevent iron dysregulation.
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FIGURE 3. Dietary iron absorption and transport from enterocytes to the plasma. Fe3+ is reduced to Fe2+ via duodenal cytochrome b (Dcytb) in the intestinal lumen. Non-heme-iron is transported into enterocytes via divalent metal cation transporter 1 (DMCT1), while heme-iron is transported through haem carrier protein 1 (HCP1). Heme dissociates from iron and is degraded. Fe2+ is then exported out of enterocytes by ferroportin 1 (FPN1), whose function is inhibited by hepcidin. Once in the plasma, Fe2+ is oxidized to Fe3+ by ceruloplasmin (Cp), which then binds transferrin for transport through the plasma. Iron is transported into target cells for storage or use.



p53

Iron metabolism exerts regulatory functions over p53 and in turn, p53 can regulate iron metabolism. Excess iron leads to decreased p53 expression (Shen et al., 2014), whereas iron depletion leads to p53 accumulation (Liang and Richardson, 2003; Kim et al., 2007). Additionally, direct binding of heme to p53 protein inhibits p53 transcriptional activity and possibly promotes p53 degradation (Shen et al., 2014). As such, a feedback loop between iron and p53 exists wherein iron overload inhibits p53 activity and p53 inhibits iron accumulation. At the systemic level, p53 upregulates HAMP (encoding hepcidin) to inhibit iron efflux from enterocytes (Weizer-Stern et al., 2007) and thus, prevents iron from entering the circulation when it is not needed. To prevent iron overload at the cellular level, p53 directly transactivates several targets, including FXN (frataxin) (Shimizu et al., 2014), FDXR (ferredoxin reductase) (Hwang et al., 2001; Liu and Chen, 2002), and ISCU (iron-sulfur cluster assembly enzyme) (Funauchi et al., 2015). Frataxin is an iron binding protein that regulates mitochondrial iron homeostasis to prevent iron overload (Cavadini et al., 2000) and thus, p53 upregulates frataxin to inhibit mitochondrial iron overload. Additionally, frataxin is necessary for iron-sulfur cluster (ISC) biogenesis (Shimizu et al., 2014) and ISCs are critical for mitochondrial function (Shimizu et al., 2014). In addition to aiding in electron transport during redox reactions (Johnson et al., 2005), ISCs serve as a co-factor for many essential enzymes (Baranovskiy et al., 2012). We also showed that p53 regulates mitochondrial iron metabolism through a FDXR-p53 loop (Liu and Chen, 2002; Zhang et al., 2017). FDXR plays a critical role in ISC biogenesis and steroid hormone synthesis by transferring electrons from NADPH to ferredoxin 1 and 2 (FDX1 and 2) (Brandt and Vickery, 1992; Sheftel et al., 2010). p53 drives the FDXR-p53 loop to upregulate FDXR, which then transfers electrons to FDX2, ultimately preventing iron overload at the cellular level (Zhang et al., 2017). Furthermore, p53 upregulates ISCU, which increases translation of ferritin heavy chain mRNA (FTH1) and destabilizes transferrin receptor mRNA (TFRC) (Funauchi et al., 2015), therefore increasing cellular iron storage and decreasing cellular iron import. p53 can also regulate iron metabolism through post-transcriptional modifications of Iron Regulatory Protein 1 and 2 (IRP1 and IRP2) (Zhang et al., 2008). IRP1/2 alter the expression of proteins associated with iron transport and storage by binding to conserved iron-regulatory elements (IRE) in target mRNAs (Volz, 2008). Interestingly, the binding of IRP1/2 to a target mRNA has context-dependent outcomes, wherein binding can promote both mRNA degradation and mRNA translation (Volz, 2008). Studies showed that overexpression of p53 led to reduced IRP1 and 2 activity, resulting in increased translation of ferritin mRNA and decreased stability of transferrin receptor mRNA (Zhang et al., 2008). This regulation ultimately leads to an increase in cellular iron stores and a decrease in cellular iron import.

Ferroptosis is a specific form of iron-mediated cell death in which oxidative stress from reactive oxygen species (ROS) leads to the formation of lipid peroxides and accumulation of lipid peroxides triggers the ferroptotic response (Dixon et al., 2012; Lu et al., 2018). Iron has a critical role in promoting ROS formation through several mechanisms. First, iron functions as a co-factor for enzymes that catalyze the formation of ROS (Dixon and Stockwell, 2014). In addition, Fe2+ reacts with hydrogen peroxide through the Fenton reaction, resulting in the production of free radicals, a potent form of ROS (Wardman and Candeias, 1996). ROS can then promote lipid peroxidation of cellular membranes, which leads to compromised membrane integrity and cellular damage (Yin et al., 2011). However, several intracellular reducing pathways have been found to block ROS and subsequent accumulation of lipid peroxides (Lu et al., 2018). Import of cystine into the cell via system xc– (encoded by SCL7A11) ultimately results in the synthesis of glutathione, a strong antioxidant (Lu et al., 2018; Sato et al., 2018). GPX4, a member of the glutathione peroxidase family, uses glutathione as a co-activator to reduce lipid peroxides, thus preventing ferroptosis (Lu et al., 2018). Ferroptosis has been implicated in a variety of diseases, such as cell death during ischemia (Gao et al., 2015) and neurodegeneration in Alzheimer’s disease (Masaldan et al., 2019). Interestingly, p53 can promote and inhibit ferroptosis in a context-dependent manner (Liu et al., 2020). For example, p53 is able to inhibit ferroptosis through p21, a primary p53 target that inhibits glutathione degradation (Tarangelo and Dixon, 2018). As such, upregulation of p21 by p53 inhibits glutathione degradation and promotes GPX4 activity (Tarangelo and Dixon, 2018). p53 was also shown to prevent ferroptosis by promoting the nuclear, but inhibiting the plasma membrane, accumulation of dipeptidyl-peptidase 4 (DPP4) (Xie et al., 2017). DPP4 in the nucleus upregulates SLC7A11, leading to increased GPX4 function and subsequent inhibition of ferroptosis (Xie et al., 2017). Interestingly, p53 can promote ferroptosis by directly inhibiting SLC7A11 expression (Jiang et al., 2015). Additionally, p53 promotes ferroptosis through upregulation of SAT1, which facilitates the production of lipid peroxides (Ou et al., 2016). A recent study showed that Mdm2 and Mdm4 can induce ferroptosis (Venkatesh et al., 2020). Since Mdm2 is a target of p53, it is possible that p53 can act through Mdm2/4 to modulate the induction of ferroptosis. The role of both wild-type and mutant p53 in ferroptosis was discussed comprehensively in a recent review (Liu et al., 2020).



p63 and p73

Recent evidence suggests an important role for p63 and p73 in iron metabolism. Like p53, p63, and p73 can be destabilized by an excess of heme (Shen et al., 2014). Conversely, iron depletion was found to stabilize p73, and possibly p63, to promote apoptosis and cell cycle arrest in a p53-independent manner (Calabrese et al., 2020). These data suggest that iron overload inhibits, whereas iron depletion promotes, p63 and p73 activity, which is similar to the effect of iron overload and depletion on p53. Recent studies in our lab revealed a potential mechanism through which iron overload can influence p63/p73 mRNA stability and protein expression. We showed that TAp63 expression can be repressed by IRP2 and likewise, IRP2 deficiency lead to increased expression of TAp63 (Zhang et al., 2020). Additionally, we showed that IRP2 binds to the IRE in p63 mRNA to regulates its stability (Zhang et al., 2020). Similarly, we found that FDXR regulates p73 mRNA stability through IRP2 (Zhang et al., 2020). These observations represent an important step in understanding how iron metabolism regulates p63 and p73.

Several lines of evidence suggest a role for p63 and p73 in mediating ferroptosis. For example, ferroptosis has been shown to promote liver steatosis and inflammation (Tsurusaki et al., 2019). We and others found that p63-deficient mice were prone to liver steatosis (Jiang et al., 2018). Additionally, both p63- and p73-deficient mice exhibited a high degree of liver inflammation (Jiang et al., 2018; Zhang et al., 2020). Moreover, before the term ferroptosis was coined, we found that p63 inhibited cell death caused by oxidative stress through GPX2 (Yan and Chen, 2006), a member of the same phospholipid peroxidase family as GPX4 (Chu, 1994). Aforementioned, ferroptosis ensues when the cell is unable to overcome oxidative stress. Another study revealed that ΔNp63 promoted glutathione metabolism, thus permitting GPX4 function and inhibiting the ferroptotic pathway (G. X. Wang et al., 2017). These findings suggest that p63 regulates ferroptosis through multiple glutathione peroxidase family members. As previously mentioned, p63 activates the LKB1/AMPK pathway and a group recently showed that this pathway inhibits ferroptosis (Li et al., 2020). While the role of p73 in ferroptosis is less studied, one report showed that TAp73-knockout mouse embryonic fibroblasts were particularly prone to oxidative stress (Agostini et al., 2016). Another study showed that TAp73 is able to mitigate the effect of oxidative stress on mitochondrial integrity (Marini et al., 2018). These data suggest a role for TAp73 in suppressing ferroptosis.




FUTURE DIRECTIONS

There is growing evidence that, in addition to mediating tumor suppression, the p53 family plays an important role in lipid and iron metabolism. However, there is a need for more research on these critical topics. It would be of interest to further explore how p53 is involved in regulating bioactive lipids. Additionally, it would be worthwhile to delve into the mechanisms by which p63/p73 regulate lipid and iron metabolism. While there is evidence that aberrant iron metabolism affects lipid metabolism and ferroptosis, how p53 engages lipid and iron metabolism in ferroptosis needs to be further explored. Moreover, several fundamental questions remain unanswered: Can p63 and p73 function independently of p53 in both lipid and iron metabolism? How does regulation of lipid and iron metabolism differ between the N- and C-terminal isoforms of each protein? Does regulation of lipid and iron metabolism by the p53 family contribute to common diseases associated with these processes, such as diabetes or anemia? Finally, can the p53 family proteins themselves, or the pathways regulated by the p53 family, be manipulated to ameliorate the effect of lipid or iron dysregulation on pathogenesis of diabetes and other diseases? A comprehensive understanding of how the p53 family mediates lipid and iron metabolism will likely provide an insight into the pathways that drive various human diseases.
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The transcription factor p73 is a structural and functional homolog of TP53, the most famous and frequently mutated tumor-suppressor gene. The TP73 gene can synthesize an overwhelming number of isoforms via splicing events in 5′ and 3′ ends and alternative promoter usage. Although it originally came into the spotlight due to the potential of several of these isoforms to mimic p53 functions, it is now clear that TP73 has its own unique identity as a master regulator of multifaceted processes in embryonic development, tissue homeostasis, and cancer. This remarkable functional pleiotropy is supported by a high degree of mechanistic heterogeneity, which extends far-beyond the typical mode of action by transactivation and largely relies on the ability of p73 isoforms to form protein–protein interactions (PPIs) with a variety of nuclear and cytoplasmic proteins. Importantly, each p73 isoform carries a unique combination of functional domains and residues that facilitates the establishment of PPIs in a highly selective manner. Herein, we summarize the expanding functional repertoire of TP73 in physiological and oncogenic processes. We emphasize how TP73’s ability to control neurodevelopment and neurodifferentiation is co-opted in cancer cells toward neoneurogenesis, an emerging cancer hallmark, whereby tumors promote their own innervation. By further exploring the canonical and non-canonical mechanistic patterns of p73, we apprehend its functional diversity as the result of a sophisticated and coordinated interplay of: (a) the type of p73 isoforms (b) the presence of p73 interaction partners in the cell milieu, and (c) the architecture of target gene promoters. We suppose that dysregulation of one or more of these parameters in tumors may lead to cancer initiation and progression by reactivating p73 isoforms and/or p73-regulated differentiation programs thereof in a spatiotemporally inappropriate manner. A thorough understanding of the mechanisms supporting p73 functional diversity is of paramount importance for the efficient and precise p73 targeting not only in cancer, but also in other pathological conditions where TP73 dysregulation is causally involved.

Keywords: p73, protein–protein interactions(PPI), C-terminus, gene promoter architecture, development and homeostasis, differentiation, neoneurogenesis, cancer progression


INTRODUCTION

TP53 is a well-known tumor suppressor and a famous “Holy Grail” of anticancer targeting. In 1997, two genes were added in the so-far considered single-membered p53 family: p63 and p73, which present similarities to p53 regarding their basic functional domains and their ability to activate typical p53 targets and participate in common p53 pathways. Nevertheless, both also differ from p53, since they do not exhibit the characteristics of a classical Knudson-type tumor suppressor gene. p63 and p73 entail three basic functional domains which are homologous to p53, that is the transactivation domain (TA), the core DNA-binding domain (DBD) and the oligomerization domain (OD), with DBD being the most conserved domain. They have an extra SAM (sterile alpha motif) domain in their C-terminus, which confers protein stability (Logotheti et al., 2013). Although p53 appeared later in evolution, to specifically guard the fidelity of somatic cell divisions and protect from DNA damage-induced cancerous alterations, the ability to regulate DNA damage and apoptosis is primitive within the p53 family. In bony fishes, the p63/p73 and the p53 genes are separated into distinct entities and undergo positive selection to control different processes: p63 got specialized in the production of epithelial cells and p73 in neuronal development, whereas p53 is better adapted as a tumor suppressor (Belyi and Levine, 2009; Belyi et al., 2010). These functional adaptations were associated with alterations in the gene organization of a single ancestral p53/p63/p73 gene, mainly gain of an alternative promoter that leads to NH2-terminal truncated isoforms, loss of the SAM domain, and ability for formation of additional C-terminal splice variants in Chordata and evolutionarily higher organisms (Yang et al., 2002). These changes overall enabled a higher level of functional divergence and specificity for each p53 family member. All three family members synthesize many isoforms, with p73 producing the highest number.

The synthesis of this overwhelmingly large number of p73 isoforms is achieved by (a) use of an extrinsic (P1) and alternative intrinsic promoter (P2) in the 5′ end, generating TA and ΔN classes of isoforms, (b) alternative splicing in the 5′ end, resulting in amino-truncated ΔTA isoforms (ΔEx2p73, ΔEx2/3p73, and ΔN′p73) that partially or entirely lack the transactivation domain and, together with ΔN, constitute the so called DN isoforms, (c) alternative splicing in the 3′ end, putting forth several C-terminal splice variants (α, β, γ, δ, ε, ζ, η, η∗, η1, and θ) (Logotheti et al., 2013) (Figure 1A). We also detected somatic genomic rearrangements of TP73 that generate an oncogenic TP73ex2/3 (George et al., 2015). In the context of cancer, TAp73 isoforms are considered anti-oncogenic (Stiewe and Pützer, 2000; Malik et al., 2021), while DNp73 forms antagonize TAp73 effects and are oncogenic. The opposing roles of TA versus ΔN classes of isoforms in the context of cancer have been underscored via knockout mice that are selectively deficient for either TAp73 or ΔNp73. TA p73-knockout mice are tumor-prone and more sensitive to carcinogens, and present genomic instability and enhanced aneuploidy, thus highlighting a significant role of TAp73 in the maintenance of genomic integrity (Tomasini et al., 2008). In contrast, mice lacking ΔN p73 show increased apoptosis in response to DNA damage, revealing an oncogenic effect of this isoform in the inhibition of the DNA-damage response (DDR) pathway (Wilhelm et al., 2010). Using kinetic modeling to detect genetic signatures characteristic for cancer drug resistance, we have shown for example that downregulation of miR-205 can be mediated by an imbalance in the TAp73/ΔTA ratio, which leads to increased expression of anti-apoptotic BCL-2 and ABC transporters (Alla et al., 2012; Vera et al., 2013). The ΔTA’s that are tumor-specific, are vigorously expressed in advanced stages across a variety of highly aggressive human cancers (Knoll et al., 2011; Steder et al., 2013; George et al., 2015; Meier et al., 2016) and, analogous to ΔN’s, promote tumor initiation (Tannapfel et al., 2008) and cancer progression (Engelmann et al., 2015). For instance, DNp73 (p73ΔEx2/3) is a key metastatic driver, which promotes tumor progression via inducing EMT, actin cytoskeletal reorganization, invasion, and stemness in melanoma (Steder et al., 2013; Engelmann and Pützer, 2014; Meier et al., 2016; Fürst et al., 2019). Consistently, p73 isoforms play a key role in the regulation of cancer stemness, epithelial-mesenchymal transition (EMT) and response to therapy across several cancer types (Prabhu et al., 2016; Thakur et al., 2016; Sharif et al., 2019b; Uboveja et al., 2020). For a detailed overview, we refer to Engelmann et al. (2015), Pützer et al. (2017).
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FIGURE 1. TP73 synthesizes a large number of isoforms contributing to its multifunctionality both in physiological and cancer-related processes. (A) Diagram depicting synthesis of p73 isoforms by (i) alternative splicing in the 3′ end, putting forth several C-terminal splice variants; or (ii) the use of an extrinsic (P1) and alternative intrinsic promoter (P2) in the 5′ end, and (iii) alternative splicing in the 5′ end. All isoforms contain a core DNA-binding domain. Different combinations of the N-terminal head with the C-terminal tail give rise to functionally distinct isoforms. TA, transactivation domain; DBD, DNA-binding domain; SAM, sterile alpha motif. (B) Overview of the documented and predicted roles of TP73 gene products in normal and cancer tissues. There are analogies in several processes regulated by TP73 in the physiological and cancer context (terms straddling around the p73 node in the scheme) which might represent the aberrant function of p73 regulatory networks of embryonic development, differentiation, and tissue homeostasis within the tumor context. (C) Regulatory map of the TAp73/DNp73-controlled pathways depicting their interception with major cascades of extracellular signaling. The model was constructed using SBGN-compliant software Cell Designer. Yellow boxes: RNA; gray boxes: protein; red boxes: mature microRNAs; green boxes: activated signaling complexes; blue boxes: receptor ligands; red font: transcription factors, green font: apoptosis related proteins; magenta font: growth factors. Phosphorylated proteins are marked with a red circle.


The TP73 gene has attracted incredible attention for therapeutic cancer management mainly because it can mimic and/or surrogate for p53 oncosuppressive functions, whereas unlike p53, it is rarely mutated in cancer, a fact that renders this targeting unbiased from intra- and inter-tumoral mutational heterogeneity (Logotheti et al., 2019). Hence, understanding the mechanisms through which p73 isoforms exert their functions are of paramount importance in order to efficiently manipulate these factors in precision medicine. All TA and DNp73 isoforms have intact core DNA-binding and tetramerization domains, via which they can oligomerize and bind to corresponding p53- or p73-responsive elements (RE). The transactivation domain-containing TA’s directly activate the transcription of p53/TAp73 target genes. Vice versa, DNp73 lacking a typical N-terminal transactivation domain can act as transdominant inhibitors of TAp73 and p53 (Stiewe et al., 2002a,b) and block their gene regulatory activity either by competing for p53/p73 binding sites or by forming transcriptionally silent TAp73/DNp73 or p53/DNp73 hetero-oligomers (Marabese et al., 2007). The ultimate effect of p73 isoforms on target genes is overall attributed to the TA/DN ratio as opposed to the overexpression of a specific p73 isoform or a specific class of p73 isoforms per se. Furthermore, the p53/p63 cell content often influences p73 functions, because p73 can form stable hetero-oligomers with p63 or mutant p53 (Li and Prives, 2007; Nemajerova et al., 2018).

p73 has been initially viewed as a p53 ‘copycatter,’ because of its ability to activate common p53 targets and regulate tumor-suppressive processes, such as cell cycle arrest, senescence, apoptosis and genomic stability. However, it has currently been realized that p73 not only affects a large number of cancer-related pathways, but also regulates disparate processes in embryonic development and tissue homeostasis. More intriguingly, p73 appears to have the potential to activate ‘off-context’ its non-oncogenic differentiation programs within the cancer cell context to modulate tumor metastasis. This process, whereby a biological function within a specific context may be alternatively used in another context to support a novel function, is termed co-option and consists a recurrent and prevailing pattern during tumor progression (Billaud and Santoro, 2011). The high level of functional pleiotropy in physiological and cancer-related processes cannot be sufficiently supported solely by the typical mode of direct gene transactivation/transrepression that has been described for p73, but rather suggests more sophisticated mechanisms of action of p73 in multiple levels of gene regulation. This review summarizes the roles of p73 isoforms in physiological and oncogenic processes and describes how its ability to control development and/or differentiation can be hijacked during cancer progression and within the tumor microenvironment (TME). It further sheds light on the mechanistical patterns governing its disparate functions by using the melanoma setting as a paradigm and suggests that a sophisticated and highly coordinated interplay between the p73 C-terminus, the protein interactome, target gene promoter architecture (Rudge et al., 2016) and the subcellular localization of TP73-derived isoforms can support this multifunctionality.



THE EXPANDING FUNCTIONAL REPERTOIRE OF TP73 IN CANCER AND BEYOND

Besides their well-demonstrated roles in DDR and apoptosis (Wilhelm et al., 2010), p73 isoforms also have unique targets (Logotheti et al., 2019; Wang et al., 2020) and exert non-oncogenic functions (Inoue et al., 2014) that are not shared with p53. Understanding their functional pleiotropy has been enabled through the use of DNp73 splice isoform-specific antisense oligonucleotide gapmers (Emmrich et al., 2009) and by knockout mice models with (i) deletion of the entire TP73 gene, (ii) deletion of exons encoding the TAp73 isoforms, (iii) deletion of exons encoding the ΔNp73 isoform, and (iv) deletions of exons encoding the C-terminus of the alpha isoform. These tools in combination with expression and molecular studies, have allowed to uncover the roles of TP73 in cancer and beyond, such as neurodevelopment, ciliogenesis, and metabolism (Melino, 2020). In this chapter, we summarize the non-oncogenic as well as the cancer-related functions of p73 isoforms. We also report that p73 has newly identified roles in regulating the neurogenic potential of tumors by co-opting, in a cancer cell context, its neurodevelopmental/neurodifferentiation programs (Logotheti et al., 2020b).


Roles in Development, Differentiation and Tissue Homeostasis

The generation of the first p73 KO mice unambiguously showed that deletion of all p73 isoforms creates a wide range of neurological, pheromonal and inflammatory defects (Yang et al., 2000). A recurring and predominant phenotypic outcome upon ablation of either global (pan-TP73KO) or isoform class-specific (TAp73 or ΔNp73 KO) knockdown of TP73 products is manifestation of several neurodevelopmental abnormalities. In particular, pan-TP73KO mice display severe hydrocephalus and hippocampal dysgenesis characterized by partial or total loss of the lower blade of the dentate gyrus (DG) and by an impaired organization of CA1 and CA3 regions. TAp73KO mice show a less severe phenotype, but still exert abnormal hippocampal development, whereas ΔNp73 mice demonstrate only marginal reduction of cortical thickness but no hydrocephalus (Nemajerova et al., 2018). In general, TAp73 is required for neuronal differentiation and maintenance of neural stem cells (NSCs), while ΔNp73 is needed for neuronal survival during development and in adult neuronal tissues (Killick et al., 2011). In addition, p73 is essential for maintaining the neurogenic pool in the subventricular (SVZ) and subgranular zone (SGZ) through promoting self-renewal and proliferation, and inhibiting premature senescence of NSCs and/or neural precursor cells (NPCs). Mechanistically, TAp73 either directly or indirectly regulates the expression of genes involved in NSCs maintenance (Sox2, Sox3, TRIM32, and Hey-2), in axonal growth and dendritic arborisation (neurotrophin receptor p75), and in neuronal terminal differentiation (synaptotagmin-1 and syntaxin-1A). The recently described Trp73d13/d13 mice, lacking exon 13 in the p73 gene, have revealed a significant contribution of the C-terminus to the brain development. Deletion of exon 13 produces a switch of the longest and most expressed isoform α into β, which in contrast to α lacks the SAM domain. Replacement of α with β substantially affects brain development, producing hippocampal dysgenesis, in particular, progressive depauperation of Cajal-Retzius (CR) cells in the developing brain. Hippocampal dysgenesis appears to be a consequence of deprivation of CR cells that are physiologically deputed to direct brain architecture during embryonic development. These effects appear to be highly isoform-dependent (Killick et al., 2011). Hence, not only the N-terminus of p73 isoforms, but also in their carboxy-terminal sequences have divergent effects on neuronal differentiation, maintenance of NSCs, neuronal survival during development and in adult neuronal tissues (Killick et al., 2011). Overall, p73 is nodal in the regulation of CNS development and function, by modulating NSC self-renewal and differentiation and by promoting terminal neuronal differentiation (Niklison-Chirou et al., 2020). The fact that these phenotypes are non-overlapping with the neurodevelopmental defects caused by the deletion of all p73 isoforms (p73 KO mice), the TAp73 isoforms (TAp73 KO) or the ΔNp73 (ΔNp73 KO mice), indicates indispensable, yet distinct, roles of the N-terminal, core and C-terminal domains of p73 in the regulation of neuronal processes.

In addition to their prevalent role in the central and peripheral nervous system, p73 isoforms have tissue-specific roles in the male and female reproductive organs, the development of respiratory epithelium and the vascular network. A recently discovered function of p73 manifested across several tissues is the differentiation and fate specification of multiciliated cells (MCC), which are vital for respiration, neurogenesis and fertility. Moreover, TAp73 shows a significant ability to regulate cellular metabolism. The abovementioned physiological functions of p73 in these organ systems have been extensively reviewed elsewhere (Nemajerova et al., 2018; Nemajerova and Moll, 2019; Maeso-Alonso et al., 2021). Besides these roles, p73 isoforms are essential for the proper function of the immune system. On one hand, TAp73 is required for macrophage-mediated innate immunity and the resolution of inflammatory response. TAp73 KO alters macrophage polarization such that maintenance of the M1 effector phenotype is prolonged at the expense of the M2 phenotype, thus impairing resolution of the inflammation (Tomasini et al., 2013). On the other hand, regarding adaptive immunity, Ren et al. (2020) recently identified p73 as a negative regulator of the Th1 immune response via transrepression of IFN gamma transcription and downregulation of IFN gamma production.

Last but not least, several lines of evidence imply a key role of TP73 protein products in the differentiation and homeostasis in several types of muscle tissues. In skeletal muscles, TAp73α but not TAp73β isoform suppresses myogenic differentiation (Li et al., 2005), while ΔNp73α protect differentiated myotubes from DNA damage-induced apoptosis and inhibits the spontaneous apoptosis of satellite skeletal muscle cells that fail to complete their differentiation. Upregulation of the p73 P2 promoter during myogenic differentiation is mediated by a coordinated recruitment and activity of p53/p73 and the master-regulator of muscle cell development, MyoD (Belloni et al., 2006). In smooth muscles, p73 induces apoptosis of vascular smooth muscle cells and is present at high levels in human atherosclerotic plaque (Weiss and Howard, 2001; Davis et al., 2003). In the cardiac tissue, low expression of TP73 products has been observed in cardiomyocytes and other cell types of the heart muscle (data mined from Human Protein Atlas), while others have shown that the directed expression of DNp73 stimulates proliferation of cardiomyocytes via antagonizing p53 (Ebelt et al., 2008). Basal p53 levels are essential for embryonic cardiac development and for maintaining normal heart architecture and physiological function (Men et al., 2021), but it has not been investigated whether p73 isoform(s) participate in these processes. Based on these hints, it would be interesting to explore a so far unnoticed physiological role for p73 isoforms in cardiac development and physiology, a possibility that would further pave new avenues in treatment of cardiovascular diseases and/or cardiac tissue regeneration. The functional diversity of p73 isoforms in embryonic development, differentiation, and tissue homeostasis is depicted in Figure 1B. It has been proposed that a common unifying theme among several seemingly divergent p73-regulated physiological functions is that p73 acts as a master-regulator of tissue architecture, and that such a role might have been inherited from a single p53/p63/p73-hybrid gene ancestor at the dawn of epithelial tissue evolution, which is traced back to Placozoans and Cnidaria (Maeso-Alonso et al., 2021).



p73 Involvement in Cancer Hallmarks and Oncogenic Signaling Cascades

Oncogenic transformation occurs through progressive acquisition of key adaptations, the so-called cancer hallmarks, which include sustaining proliferative signaling, resisting cell death, evading growth suppressors, activating invasion, enabling replicative immortality, inducing angiogenesis, reprogramming energy metabolism and evading immune destruction. Transformation is further facilitated by tumor-promoting inflammation and genome instability. Strikingly, TAp73 isoforms inhibit all these hallmarks [reviewed in detail in Logotheti et al. (2013)] and can also enhance responsiveness to standard radio- and chemotherapies (Logotheti et al., 2013) (Figure 1B). Their DNp73 counterparts can typically antagonize these functions, thereby drastically influencing cancer promotion, progression and metastasis [reviewed in Logotheti et al. (2013), Engelmann and Pützer (2014), and Engelmann et al. (2015)]. Recently, it was shown that TAp73 regulates macrophage accumulation and tumor infiltration, which is in general a strong driver of cancer progression and predictor of poor outcomes in cancer patients. This occurs via inhibition of the NF-κB pathway, since loss of TAp73 leads to NF-κB hyperactivation and secretion of Ccl2, a known NF-κB target and chemoattractant for monocytes and macrophages. Importantly, TAp73-deficient tumors display an increased accumulation of protumoral macrophages that express the mannose receptor (CD206) and scavenger receptor A (CD204) (Wolfsberger et al., 2021).

It is noteworthy that in some cancer-related processes and cell-contents, TAp73 isoforms show an effect inconsistent with their traditional tumor suppressive function. For example, TAp73 activates anabolic pathways compatible with proliferation and cancer promotion by regulating glucose metabolism to control cellular biosynthetic pathways and antioxidant capacity [reviewed in Nemajerova et al. (2018)]. TAp73 modifies the metabolism and positively regulates growth of cancer stem-like cells in a redox-sensitive manner (Sharif et al., 2019a). Nevertheless, it remains still unclear whether this metabolic effect reflects cancer-associated metabolic changes, or instead a role in promoting adaptative cellular mechanisms to stress conditions [reviewed in Nemajerova et al. (2018) and Maeso-Alonso et al. (2021) and]. Furthermore, p73 proteins regulate angiogenesis, with the ΔNp73 form that has a clear role in promoting this phenomenon, whereas TAp73 isoforms exert both, positive and negative effects, depending on parameters like the strength and spatiotemporal context of its activation (Sabapathy, 2015). It is also not clear if every TAp73 isoform can exhibit such Janus behavior in metastasis-promoting processes, or if this is an attribute of only specific TAp73 C-terminus splice variants.

Using our previous work on melanoma as a representative example of p73’s regulation of cancer outcomes via orchestrating molecular networks, we further made the striking observation that TAp73/DNp73-controlled pathways can co-ordinate extracellular changes in the TME and intracellular gene regulation by intercepting with major cellular signaling cascades which respond to growth factors in the TME. These intersections suggest that p73 isoforms internalize the information from extracellular signals that are received by cell surface receptors and convey them to the nucleus, leading to global changes in p73-transcriptome. In particular, we used the melanoma paradigm and constructed a comprehensive regulatory map by exploiting own high-throughput and experimental data from melanoma tissue culture, mouse metastasis models and patient tumor samples. These results were integrated with data from the literature, previous mathematical models describing sections of the map (Vera et al., 2013; Khan et al., 2014), and partial elements of existing IGF1R computational models (Borisov et al., 2009; Bianconi et al., 2012). The reconstructed network demonstrates that TAp73/DNp73-dependent pathways (Alla et al., 2010, 2012) intercept with cellular receptor-triggered signaling cascades that are relevant for melanoma progression, such as EGFR (Sun et al., 2014; Wang et al., 2015), IGFR (Rosenbluth et al., 2008), and HER3 (Iorio et al., 2009; Tiwary et al., 2014) and portray the potential of p73 isoforms to sense changes in the cell microenvironment and modify the gene regulation programs accordingly (Figure 1C).



Regulation of Cancer Neurobiology – p73 and the Emerging Hallmark of Neoneurogenesis

Of particular interest is that neurodevelopmental defects and cancer-related phenotypes co-exist in TAp73 knockout and, to a much lesser extent, in ΔNp73 KO mice. The ability of p73 isoforms to modulate tumor initiation and progression may be relevant to their neurological functions. In particular, it is becoming increasingly evident that cancer and neuronal cells develop reciprocal interactions via mutual production and secretion of neuronal growth factors, neurothrophins and/or axon guidance molecules in the TME. Intriguingly, tumors can stimulate their own innervation during cancer progression, and this phenomenon is termed neoneurogenesis. Tumors produce and excrete neurogenic factors that modulate the TME and induce formation of new nerves that eventually infiltrate tumors (Logotheti et al., 2020b). Recently, Mauffrey et al. (2019) showed that prostate tumors summon neural progenitors from sites as distant as the subventricular zone of the central nervous system (CNS), which break the blood-brain barrier, infiltrate prostate tumors and initiate neurogenesis. This process is essentially distinct from perineural invasion (PNI), which refers to tumor invading into already existing nerves along the perineural space. Besides, cancer cells themselves may acquire brain-like properties as an adaptation for brain colonization (Neman et al., 2014). The nervous system-cancer crosstalk emerges as a crucial regulator of cancer initiation and progression, both systemically and within the local TME. In turn, cancers and cancer therapies can alter nervous system form and function Tumors may induce profound nervous system remodeling and dysfunction by secreting circulating factors which not only locally alter neural activity in the TME, but also have a remote and systemic effect on important brain functions, such as sleep. The interactions between neural and malignant cells are highly relevant for cancer clinical therapy, since they are suspected to be involved, at least in part, in neuronal toxicities induced by radiation and chemotherapies (Monje et al., 2020). The mechanisms that support this enigmatic crosstalk between tumors and the nervous system remain largely unexplored. We have recently provided mechanistic insights that the neurogenic potential of tumors appears to be induced, at least in part, by co-option of neuronal processes within cancer cells. Genes involved in neuronal development and function are reactivated in various tumor types and predict poor patient outcomes. The ectopic activation of neuronal programs in cancer cells and the switch to neurogenic phenotypes does not appear to be a stochastic, random event, but rather provides selective advantages to tumor cells (Logotheti et al., 2020b). Moreover, deregulation of genes that are indispensable for nervous system development and neurological function are associated with long-term survival in adult AML [Yılmaz et al., 2021), accepted for publication]. In this regard, neoneurogenesis might constitute a novel cancer hallmark, comparable to angio- and lymphangiogenesis.

It is possible that the ability of p73 isoforms to regulate several cancer hallmarks may not be independent from their neurological and/or immunomodulatory functions, but instead might imply co-options of relevant p73-governed pathways in a cancer cell context. Looking at the processes regulated by p73 isoforms in normal and cancerous tissues more closely, analogies can be found between some physiological processes and cancer hallmarks. It is well-accepted that ΔNp73 overexpression becomes a positive advantage for tumor progression due to co-option of its pro-angiogenic capacity in tumors that trigger neoangiogenesis (Nemajerova and Moll, 2019). In an analogous manner, it is reasonable to assume that recapitulation of the same p73-regulated neurodevelopmental/neurodifferentiation pathways in cancer cells could promote tumor progression, for example by inducing neoneurogenesis or by altering interactions of cancer cells with neuronal and immune cells (Figure 1B). Several p73 isoforms may positively or even negatively regulate cancer invasion and metastasis through activating their nervous system-related target genes within the cancer cell context. In support of this rationale, TAp73 isoforms control cancer cell proliferation, migration and invasion through transactivation of the brain-enriched miRNA gene MIR3158, which targets vimentin (Galtsidis et al., 2017). Similarly, ΔTAp73 (p73ΔEx2/3 α and β) expression in less-invasive melanoma cells enhances stemness and self-renewal capacity through an interplay with MIR885 (Meier et al., 2016), a miRNA with brain/cerebellum-restricted expression [data mined from miRiad database (Hinske et al., 2014)], that targets IGFR (Meier et al., 2016). Again in an IGFR-dependent manner, p73ΔEx2/3 drives EMT phenotypic conversion and initiation of metastasis in melanoma (Steder et al., 2013), along with tyrosinase degradation, depigmentation and loss of melanocyte identity (Fürst et al., 2019). In the presence of p73ΔEx2/3 and persistently high TAp73α levels, melanoma cells lose their original cell-type characteristics, and simultaneously activate stemness (Meier et al., 2016), EMT (Steder et al., 2013), and nervous system-related genes. Upregulation of stemness markers in aggressive melanoma states is accompanied by increased expression of key neurotrophic factors, including BDNF, which was recently shown to foster neoneurogenesis (Logotheti et al., 2020b).

In view of these data, our results suggest that p73 isoforms co-regulate stemness and neurodifferentiation to control tumor progression. The tumor-specific p73ΔEx2/3 isoforms, which are established metastasis inducers and CSC regulators, have the ability to activate key neurodifferentiation players. Increased cancer stemness, together with the loss of original cell identity (de-differentiation), and the acquisition of characteristics of neuronal cell types upon p73 isoform expression, are overall indicative for their ability to switch from a melanocyte to a neuronal-like cell phenotype which would be theoretically able to foster a newly-emerged dangerous liaison between melanomas and the nervous system (Su et al., 2014; Lu et al., 2017; Logotheti et al., 2020b; Pomeranz Krummel et al., 2021).



DISSECTING THE FUNCTIONAL PLEIOTROPY OF TP73

In light of the overwhelming functional diversity of the products of TP73, it is reasonable to assume that the typical mode of direct transactivation/transrepression that has been described for TAp73 and DNp73’s, on its own, is not sufficient to support such high level of functional pleiotropy across several organ systems. Besides the TA/DN ratio, isoforms synthesized by other members of the p53 family, like p53 and p63, also influence p73 activity (Li and Prives, 2007; Nemajerova et al., 2018). However, even distinct p53/p63 backgrounds, wildtype or mutant, cannot explain the plethora of p73 effects in different cellular contexts. The divergent and tissue-specific roles of p73 imply a high degree of complexity and sophistication in relation to its modes of function. Several lines of evidence instead argue for a possible existence of p73 traits complementary to its canonical function as a transcription factor. First of all, global genomic binding studies (Rosenbluth et al., 2008; Koeppel et al., 2011) indicate that only a disproportionally small fraction of p73-responsive genes directly binds p73 to induce p73-mediated functional changes. Second, the ΔNp73 isoforms bear a unique 13-amino acid motif in their N-terminus that possesses transactivation potential (Liu et al., 2004), questioning the dogma that ΔNp73’s are transcriptionally inactive at all times. Third, there is a certain degree of controversy, whereby in some cellular contexts, TAp73 isoforms might regulate anti-apoptotic and pro-survival genes (Wang et al., 2020) and ΔNp73 isoforms can activate apoptotic targets (Liu et al., 2004; Toh et al., 2008), a fact that pinpoints toward the cell milieu as a significant determinant of the functional outcome of p73 isoforms. This functional controversy is particularly evident in the context of neoangiogenesis, in which TAp73 manifests a context-dependent dual role, suggesting that other modifiers in the cell milieu co-determine and thus impart its ultimate effect on the process (Sabapathy, 2015). Fourth, TAp73alpha shows a preference for genes with a distinct promoter architecture compared to the ones that specifically respond to TAp73beta, a finding that implies a C-terminus-based selectivity of TAp73 isoforms for target genes (Koeppel et al., 2011). These evidences overall suggest that p73-governed gene regulatory programs may be further orchestrated by indirect mechanisms that extend beyond their canonical role as transcriptional regulators, which compete for occupying gene promoters (Marabese et al., 2007).

In this section we provide compelling evidence to support that p73-regulated functions are a result of a sophisticated combination of at least three parameters: (a) the type of p73 isoforms, (b) the presence of p73 interacting partners in the cellular milieu, and (c) the intrinsic properties of promoters of the target genes. Tissues are characterized by distinct proteomes, hence the expression of the same p73 isoform in one tissue content could lead to functional diversification, since this isoform is able to form protein–protein interactions (PPIs) with a particular set of factors that is contained in one tissue but not in another. In addition, the C-terminus of p73 determines whether PPI occurs, because even if the interactor is present in the cell, the expressed p73 splice variant may not interact with it. Furthermore, p73 isoforms form protein complexes with several other key transcriptional regulators on target gene promoters to fine-tune their transcriptional regulation. Besides, some p73 isoforms appear to have non-transcriptional functions by interacting with proteins other than transcriptional regulators outside the nucleus (Tomasini et al., 2009; Vernole et al., 2009), suggesting that the subcellular localization of p73 isoforms can be an additional co-determinant of the p73 functional repertoire.


The Characteristics of the p73 Protein Interactome

The p73 protein interactome is a decisive parameter of the tissue- and/or cell context-specific p73 activity. Several proteins have been described to physically associate with p73 isoforms, by recognizing the TA domain, the DBD domain, the OD or the C-terminus. These interactions usually take place in the nucleus and regulate the transactivation activity of p73 either positively or negatively. However, in some cases the interactions occur in the cytoplasm (Table 1). Another feature of the p73 interactome is that complex feedback loops can be generated among p73 and their binding partners. For example, PIR2 is a direct p73 target gene, and its protein product associates with DNp73 and promotes its proteosomal degradation (Sayan et al., 2010). Sp1 activates transcription from the P1 promoter of TP73 but also has the potential to form Sp1–TAp73 complexes, which can modulate Sp1 binding to corresponding elements on target gene promoters (Logotheti et al., 2010). Another candidate is the p73 transcriptional target NGFR (Logotheti et al., 2020b; Niklison-Chirou et al., 2020) that directly binds p73 isoforms at the DBD to facilitate their proteosomal degradation via chaperone-mediated autophagy (Nguyen et al., 2020).


TABLE 1. Interacting partners of p73 isoforms and their outcome on p73 function.

[image: Table 1]Several p73 protein binding partners induce post-translational modification, proteolytic degradation, phosphorylation-dependent activation or inhibition, acetylation or gene target co-regulation, often in a p73 C-terminus-dependent manner (Logotheti et al., 2013). Other proteins bind to p73 isoforms and retain them in the cytoplasm, thereby interfering with p73-mediated transcription of its target genes. Moreover, p73 isoforms can interact with non-transcriptional regulators in the nucleus, intimating that they are also involved in processes beyond gene transactivation. For example, TAp73 regulate the spindle assembly checkpoint (SAC) during mitosis and meiosis via physical interaction with components of the SAC complex, such as Bub1, Bub3 and BubR1, the inhibitor of anaphase-promoting complex protein Cdc20, regulating their proper localization (Tomasini et al., 2009). TAp73alpha interacts with the kinetochore-related proteins Bub1 and Bub3, which leads to the alteration of mitotic checkpoint abilities and induction of polyploidy. This association is specific for TAp73alpha but not p53 or any of the other p73 forms (Vernole et al., 2009). Using computational approaches, a previous study predicted that some p73s can interact with DGCR8 (Boominathan, 2010), a nucleus-localized, highly conserved component of the miRNA processing machinery which binds pri-miRNA to stabilize it for processing by Yeom et al. (2006). Importantly, DGCR8 is a miRNA-processing protein that is indispensable for miRNA maturation, and its ablation leads to early developmental arrest due to the lack of maturation of pre-miRNA products (Wang et al., 2007). It is therefore possible that p73alpha and p73beta isoforms may crosstalk with the miRNA processing machinery to control the quality and quantity of mature miRNA populations by physically associating with DGCR8. Considering that p73 isoforms can exhibit cytoplasmic localization (Dobbelstein et al., 2005; Nekulová et al., 2010), this raises the possibility of additional functions beyond transcription, in subcellular organelles outside the nucleus. In agreement with this notion, the results of our coIP-MS analyses in Saos-2 cells in which distinct p73 isoforms were exogenously added demonstrated that p73 variants have the ability to bind to proteins in the ER, Golgi apparatus, mitochondria, and endosome. Of particular interest, p73alpha and p73beta can bind to proteins associated with the ruffle membrane, plasma membrane and extracellular region (Figure 2A).
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FIGURE 2. Several proteins physically associate with p73 isoforms inside and outside the nucleus. (A) Analysis of the cellular localization of the p73alpha and beta interactome based on high-throughput coIP-MS screening in Saos-2 cells overexpressing TAp73alpha, ΔTAp73alpha, TAp73beta, or ΔTAp73beta. Protein annotation and subcellular distribution was retrieved from UniProt and DAVID GO. (B) The TP73 gene encodes a variety of functional motifs and crucial amino acid residues in the N-terminus, the core domain, and the C-terminus that serve as selective interacting surfaces for the p73 proteome. The C-terminus is particularly enriched in such protein-binding sites. Each p73 isoform contains unique combinations of these protein-binding sites. Annotations: TA transactivation domain, DBD DNA binding domain, OD oligomerization domain, 3K p300 acetylation sites, 2nd TA second transactivation domain, SAM sterile alpha motif, extreme: extreme carboxy terminus. The literature-curated protein interactors that recognize the corresponding motifs and residues are also depicted. The proteins with inhibitory effect on p73 stability or activity are highlighted in red.




The C-Terminus as the Basis for Protein–Protein Interaction Selectivity

While the N-terminus of TP73 has provided a first rule of thumb for the functional characterization and classification of the many gene products based on the presence of TA and the corresponding ability to activate transcription of gene targets, the C-terminus inevitably represents the most variable region of the TP73 gene. A total of eight alternative splicing events in the 3′ end and one alternative termination event in a portion of exon 13 generate 10 different versions of the C-terminus. These carboxy-terminal tails are combined with a main core domain that exerts DNA binding and oligomerization ability, and an N-terminus with or without canonical transactivation activity, giving rise to more than twenty gene products (Logotheti et al., 2013). The significance of the C-terminus for p73-mediated functions is underscored by the recently described Trp73d13/d13 mice, in which a switch from the α to β form through knockout of exon 13 results in distinct phenotypic abnormalities that do not overlap with those of other p73 knockout mice (Niklison-Chirou et al., 2020). The C-terminus is a highly active region, both in terms of binding to proteins and DNA. First of all, it carries an electrostatic charge that differs significantly between p73 variants and affects promoter binding and gene transactivation. More importantly, it is particularly enriched in unique motifs and crucial amino acid residues that serve as protein-interacting surfaces. Because of the numerous alternative splicing events in the 3′ end, each C-terminal variant bears its own combination of these motifs. The versatility of the C-terminus can be particularly associated with the many different biological activities of p73 isoforms, as each isoform carries its own unique combinations of functional domains and motifs that are recognized by distinct groups of protein interactors. Overall, the C-terminus may act as a platform for the selection of p73 PPIs that can play a decisive role in both the nature of target genes and the degree of activation, possibly via differential interactions with regulatory proteins.

The functional domains and residues of the C-terminus have been highlighted previously and are shown, along with their corresponding protein interactors in Figure 2B. First, the carboxy-terminal region 380–513 is spanned by Glu/Pro-rich and Pro-rich regions that exhibit transactivation activity. In particular, it entails a glutamine/proline-rich domain within amino residues 381–399 that is phosphorylated by PKCα2 and PKCβ in Ser388, and regulates genes involved in cell cycle progression; three crucial pS/pT-P motifs at residues 412, 442 and 482, which are specifically recognized by the propyl isomerase Pin1, a chaperone that catalyzes the isomerization of peptidyl-propyl bond from cis- to trans-conformation and regulates transactivation efficiency, stability and subcellular localization; and a highly conserved PPPPY motif in residues 483–491 that is specifically targeted by proteins bearing a WW domain, causing them to develop PPPPY-WW-mediated PPIs. The WW-containing interactors of p73 are (a) the yes-associated protein YAP, a phosphoprotein that interacts with a non-receptor Src tyrosine kinase encoded by the c-yes protooncogene, (b) NEDD4-like ubiquitin protein ligase 2 (NEDL2), (c) cytoplasmic tumor suppressor oxidoreductase (Wwox), and (d) E3 ubiquitin ligase Itch. YAP, NEDL2, and Wwox enhance the transcriptional activity of p73, while Itch is a YAP antagonist, that leads to p73 ubiquitination and degradation and impairs transcriptional activity (Logotheti et al., 2013). DGCR8 was also predicted in silico to possess a WW-domain, which may interact with the PPPPY motif of the C-terminal domains of p73α and p73β (Boominathan, 2010).

Additional interacting surfaces downstream of PPPPY render TAp73α susceptible to mediators of ubiquitin-proteasome degradation, as well as other effectors of p73 stability and activity. In detail, the SAM extends between residues 487–554 and is recognized by PTEN, an inducer, and by UFD2A and FBXO45, two attenuators of TAp73α transactivation efficacy. The SAM domain can also bind to the N terminus of MDM2 (Neira et al., 2019). Plakophilin 1 (PKP1), a component of desmosomes, which are key structural components for cell-cell adhesion, also recognizes the SAM domain (Neira et al., 2021). Moreover, residues 555–636, representing the extreme C-terminus of p73 alpha and comprising four conserved sequence motifs (Logotheti et al., 2013), are recognized by RanBPM, a cellular interactor of the nuclear-cytoplasmic transport protein Ran, which stabilizes TAp73alpha and enhances its transactivation activity, most likely by masking C-terminal lysine residues that could be the sites for ubiquitin ligation and/or disrupting the interaction of TAp73alpha with unknown proteins required for ubiquitin-mediated proteolysis. Another protein that physically interacts with TAp73alpha via the extreme C-terminus is MM1, a c-myc binding protein. Upon binding to p73, it selectively enhances transcription of specific p73 target genes, thereby potentiating growth suppression. MM1 antagonizes the inhibitory effect of c-myc on the extreme C-terminal domain-containing TAp73alpha isoform by preventing the c-myc-p73alpha interaction and/or directly binding to c-myc to inhibit its activity. In addition, the receptor for activated C kinase RACK1 physically interacts through the extreme C-terminus, leading to the downregulation of apoptotic targets and inhibition of TAp73alpha-mediated apoptosis. Finally, small ubiquitin-like modifier 1 (SUMO-1), binds to TAp73alpha through a covalent modification of Lys627, making this isoform more susceptible to proteosomal degradation [reviewed in Logotheti et al. (2013)].

These motifs and residues appear to be important in “finalizing” the effects of the major p73 interactors by recruiting their essential co-factors. For example, it is well-established that TAp73alpha can bind to MDM2 via its OD, but unlike its p53 sibling, this interaction does not lead to protein degradation of p73 (Bálint et al., 1999; Zeng et al., 1999). Only in the presence of Itch, which recognizes PPPPY motifs, can p73 protein degradation finally occur (Bálint et al., 1999; Zeng et al., 1999; Rossi et al., 2005). In a similar manner, c-abl induces phosphorylation of p73 at the NH2-terminus, but additional p73 interactors selective for the C-terminus are needed to enable p73-mediated apoptosis. DNA damage activates c-Abl, which phosphorylates TAp73 directly at site Tyr99 and indirectly, via p38, at Pin1-binding sites 412, 442, and 482. Subsequently, Pin1 targets the phosphorylated residues and catalyzes the conformational change at TAp73. The c-abl phosphorylated YAP1 binds to the PPPPY motif and attracts p300, which in turn acetylates a 3K motif downstream of the OD domain. In this state, the complex selectively binds to transactivate apoptotic versus cell cycle arrest targets (Logotheti et al., 2013). Several of the abovementioned motifs and residues, together with their corresponding interactors, have been conserved within vertebrate clades where p73 has split from its p53/p63/p73-hybrid ancestor. The patterns of co-conservation of the C-terminal motifs and corresponding protein interactors suggest that the corresponding PPIs are required for p73 functions (Logotheti et al., 2013). It is therefore possible that the increase in the number of splice variants reflects the enhanced potential of p73 to evolve PPIs that can support its expanding functional repertoire.



The Promoter Architecture of Direct and Indirect p73 Target Genes

The p73 isoforms show complex patterns of interaction with target gene promoters in addition to their canonical mode of gene transactivation/transrepression (Figure 3A). C-terminal variant-specific transcriptional responses have been described previously for TAp73alpha and TAp73beta. The genes responding to TAp73alpha have different binding patterns and gene promoter architectures than TAp73beta-responsive ones. Gene promoters occupied by TAp73alpha are enriched in the AP1 motif, which can bind to Jun/Fos family heterodimers, and this is associated with more frequent upregulation of genes with AP1 motif in comparison to genes lacking this motif. In contrast, promoters occupied by TAp73beta do not exhibit this motif and do not show similar activations of AP1-responsive genes (Koeppel et al., 2011). TAp73 can physically interact with c-Jun of the AP-1 complex on target gene promoters via its carboxyl-terminal region (Subramanian et al., 2015). Taken together, these data underscore a p73 isoform-specific selectivity of target genes that is shaped not only by their intrinsic promoter characteristics but also by PPIs between p73forms and other “extrinsic” transcription factors on these promoters. Based on these findings, we postulate that the interplay of gene promoter architecture with p73 binding partners orchestrates the functional diversity of p73 family members. Target genes may bear typical p73-responsive elements (RE), but there are also cases of indirect p73 targets which lack them. Several p73 isoforms physically associate with other transcriptional regulators at target gene promoters and modify transactivation both in a direct p73-RE-dependent and an indirect p73RE-independent manner (Racek et al., 2005; Beitzinger et al., 2006; Buhlmann et al., 2008). First scenario, p73 isoforms interact with co-regulators at the promoters of p73-responsive genes (Figure 3B), which induce post-translational modifications to p73 proteins and fine-tune target genes that are eventually transactivated. Such co-activator examples are YAP1 and Pin, which form complexes with TAp73 in response to DNA damage to favor transcription of p73-responsive pro-apoptotic genes (Logotheti et al., 2013). Second, p73 isoforms tether on transcription factors bound to promoters lacking a typical p73RE and modulate their transcriptional activity. For instance, TAp73 interacts with NF-Y bound on the PDGFRB promoter and turns off gene expression, whereas DNp73 interacts with SMAD3/4 bound to SMAD-responsive elements and potentiates activation of the PAI1 and COL1A1 genes (Engelmann et al., 2015) (Figure 3C). Similarly, ΔNp73 transcriptionally upregulates both ANGPT1 and Tie2 through conserved ETS-binding sites by interacting with ETS2, resulting in forced angiogenesis and survival of glioblastoma (Cam et al., 2020). Third, p73 isoforms act in a composite manner both by direct binding to p73REs and by physical interaction with transcription factors that bind to adjacent sites. An example is the cooperative activation of PUMA by TAp73beta and Sp1, both of which associate with neighboring responsive elements at the PUMA promoter and physically interact with each other (Ming et al., 2008) (Figure 3D).
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FIGURE 3. An interplay of gene promoter architecture with p73 binding partners orchestrates the functional diversity of the p73 isoforms. (A) Typical transcription factor-based and (B–D) PPI-based modes of genomic action of p73 isoforms. (E,F) Computational prediction of p73 PPIs relative to the promoter architecture by meta-analysis of extrapolated p73 ChIP-seq and Mel.DNp73 microarray data (Koeppel et al., 2011; Steder et al., 2013). (E) Composite scenario: the overrepresentation (Z-score) of transcription factor binding sites (ORTFBS) in the DNp73-responsive gene groups (using Pscan software): (A1) >2× over-expressed (OE); (A2) >10× OE; (B1) >2× underexpressed (UE); (B2) >10× UE. The groups A1 and B1 were integrated with ChIP-seq data on p73 binding sites. The distance of the p73REs from the selected TFBS in A1 and B1 groups was calculated by Pscan using the “Report Occurrences” function with a PWM-threshold of 0.75. The distance score was set as 1 if the distance was within a range of 15–250 bp and to 0 otherwise. Afterward, the relative number of close TFBS within each group was calculated by setting up the ratio of positive distance hits to the total number of genes in the respective group. This ratio in each group (A1, B1) was compared to the ratio of the same TFBS versus all genes in the microarray to calculate the enrichment of close TFBS. The enriched TFBS were significantly close to the respective p73RE in group B1 (estimated by t-test), whereas a significant enrichment in group A1 could only be found for one TF. (F) Tethering scenario: factors that bind DNp73 were predicted using the A2 and B2 groups of DNp73-responsive genes. The number of TFs recognizing the enriched ORTFBS for A2 and B2 were 58 and 158, respectively. The functions in which TFs are involved were predicted by GO-term analysis.




Using the Promoter Architecture of p73-Responsive Genes as ‘Footprint’ for Predicting Novel, Functionally Relevant p73 Protein–Protein Interactions

To further explore the idea that the architecture of gene promoters related to p73 PPIs is important for the function of p73 isoforms, we used microarray transcriptomics data that we have produced previously (Steder et al., 2013). Ectopic stable expression of DNp73 in the low-invasive SK-Mel-29 cells causes whole-transcriptome changes and supports metastasis-initiating phenotypes, such as stemness, EMT and invasion, and de-differentiation (Steder et al., 2013; Meier et al., 2016; Fürst et al., 2019). If the hypothesis that the effect of DNp73 on these cancer cell phenotypes is achieved through PPI of DNp73 with nodal molecules on gene promoters is solid, then the architecture of the promoters of the genes that are deregulated upon DNp73 overexpression can serve as a ‘footprint’ of these PP-interactions. In detail, the DNp73-responsive transcriptome will be enriched of genes which have binding sites for specific and functionally-coherent interactors in their promoter regions. Hence, we sought to meta-analyze this transcriptome data to predict novel, functionally coherent interactors of DNp73 in the promoter regions of these genes. To this end, we integrated the high-throughput mRNAs array of stable SK-Mel-29.DNp73 clones versus its mock counterpart (Steder et al., 2013) with p73 ChIP-seq data (Koeppel et al., 2011) and searched for overrepresentations of binding motifs for transcriptional regulators either near p73REs (composite scenario) or independent of p73REs (tethering scenario) in the promoters of DNp73-responsive genes. For example, when DNp73 interacts with the transcription factor TF1, the upregulated and downregulated genes in the transcriptome will have over-represented binding sites for TF1. In the case of a composite mechanism, p73REs will be found in close proximity (up to 250 bps) to TF1 REs (Koeppel et al., 2011) to allow physical association between DNp73-TF1. On the other hand, in case of a tethering mechanism, where DNp73 binds independently of p73Res to, e.g., TF2, many significantly up- or downregulated DNp73-responsive genes (more than 10-fold increase) without p73REs would instead have overrepresented binding sites for TF2. As consequence, TF1 and TF2 should have functional relevance to the resulting cell phenotype. With this approach, we were able to predict potential binding partners of DNp73. Our results in detail are:

(a) Composite scenario: we found a clear enrichment of TFBS for LBX1, LHX6, and PAX4 in close proximity to p73REs in genes that are downregulated in response to DNp73, whereas in the case of DNp73-upregulated genes, TFAP2B binding sites were significantly enriched. Overall, we predicted that DNp73 binds adjacent to responsive elements for LHX6, PAX4, and/or LBX1 as well as TFAP2B transcription factors and down- or upregulates the corresponding genes, suggesting that these proteins are candidates for p73 co-regulators. Three striking observations were made by this analysis: (Logotheti et al., 2013) candidate p73 co-regulators for downregulated genes differs from predicted p73 co-regulators for upregulated genes. The complete lack of overlap implies a ‘deterministic trend’ of DNp73 to develop highly “selective” PPIs with the candidate co-regulators; (Belyi and Levine, 2009) candidate p73 co-regulators are important neurodifferentiation/neurodevelopment factors, which suggests the involvement of neurodifferentiation programs in the effect of DNp73 on cancer aggressiveness; and (Belyi et al., 2010) the likely co-regulators for downregulated genes have different structures than those for upregulated genes: LHX6, PAX4, and LBX1 are homeobox proteins, whereas TFAP2B is a basic helix-loop-helix protein. These instances intriguingly imply that DNp73 can select interaction candidates at gene promoters based on structure (Figure 3E).

(b) Tethering scenario: we checked ORTFBS in DNp73 genes that are highly increased (A2, >10-fold) or decreased (B2, <10-fold) and found non-overlapping groups of ORTFBS between both groups (A2 vs. B2) (Figure 3F). In A2, genes with binding sites for 58 TFs were significantly enriched, while in B2, 158 TFs behaved in this way. GO-term analysis of the ORTFs of each group revealed that these ORTFs tend to be involved in cellular and embryonic developmental/differentiation processes (Figure 3F, annotated with ∗) in a non-overlapping manner.

In summary, the interplay between p73 isoforms with different C-termini, their interacting partners, and the architecture of the target gene promoter supports a high degree of heterogeneity in the mechanisms underlying tissue-specific p73-driven functions in a variety of organ systems including immunity, neurodevelopment and reproduction. Such sophisticated mechanistical patterns may explain, at least partially, the different and sometimes opposing results across different cell contents and experimental settings. Dysregulation of one or more of the above parameters in tumors could lead to tumor initiation and progression by, at least in some cases, reactivating p73-regulated differentiation programs in a spatiotemporally inappropriate manner.



CONCLUSION AND FUTURE PERSPECTIVES

The main body of research on TP73 has been initially performed in the cancer setting, due to its functional and structural similarity with the tumor-suppressor TP53. In cancer, the networks controlled by the typically anti-oncogenic TAp73 isoforms offer functional redundancy to the intricate circuitries regulated by p53, through activating fully or partially overlapping pathways, which can circumvent blocks attributed to mutations in TP53 or its downstream effectors (Logotheti et al., 2019). Nevertheless, it is now clear that TP73 with the complexity of isoforms is a key regulator of an own unique and wide range of biological aspects in embryonic development, differentiation, homeostasis, and immune response. This pleiotropy has rejuvenated the interest in p73 as a therapeutic target for the management of not only cancer, but also several other complex diseases, such as neurodevelopmental disorders, COPD (Nemajerova and Moll, 2019), sterility (Inoue et al., 2014), metabolic disorders (Jia et al., 2018), and autoimmune disease susceptibility (Ren et al., 2020). Several common unifying themes can be recognized among the diversity of physiological and oncogenic p73 functions, such as the ability of p73 isoforms to act as transcriptional master regulators of motile multiciliogenesis underlying the disparate p73KO phenotypes of airway infections and female and male infertility (Nemajerova and Moll, 2019). Moreover, to determine tissue architecture, through regulating cell adhesion, cytoskeleton dynamics and planar cell polarity, which is essential for the organization and homeostasis of various complex microenvironments, like the neurogenic niche, reproductive organs, respiratory epithelium, or vascular network (Maeso-Alonso et al., 2021).

In view of recent findings, the potential of p73 isoforms to modulate cancer initiation and progression might not be independent from the physiological functions of TP73. Instead, it could reflect the recapitulation of the same p73-regulated developmental/tissue homeostasis pathways within the cancer cell content. Specifically, a new idea proposes that metastatic transcriptional programs arise from de novo combinatorial activation of multiple distinct and developmentally distant transcriptional modules (Rodrigues et al., 2018). Although mutations in tumor suppressors and oncogenes predominate during tumor initiation, cancer cells become metastatic at progression stages, often by hijacking gene expression programs of normal embryonic development and reactivating them outside their physiological context. In support of this notion, we have recently shown that p73-driven neurodevelopmental pathways are co-opted in cancer cells to promote the acquisition of neurogenic features in melanoma cells via production of secreted neurotrophins, such as NGF and BDNF (Logotheti et al., 2020b). This process plausibly facilitates cancer cells to gain neurogenic potential and communicate with neuronal cells, providing overall selective advantages for tumors. More intriguingly, specific factors of the cancer cell secretome force a variety of surrounding cells in the TME, including fibroblasts, endothelial cells, bone marrow-derived cells, immune cells, and neurons to integrate into the stroma, where their activities are redirected to benefit cancer cell progression. Given that BDNF and NGF are recognizable by both, neuronal cells and immune cells, an appealing hypothesis is that reactivation of p73 neurodevelopmental networks in cancer cells leading to neurotrophin production and secretion may establish a complex cancer–neuroimmune crosstalk in the TME that alters the dynamics of cellular interactions toward an unfavorable prognosis (Logotheti et al., 2020b).

The functional pleiotropy of TP73 assumes existence of mechanistic heterogeneity that extends beyond its typical transactivation mode of action. The PPI-mode of action of TP73 can provide a basis for its multifunctionality and tissue specificity. We propose that multiple p73 isoforms can establish PPIs with many proteins via several motifs in the N-terminus, core domain, and C-terminus, with the C-terminus being particularly enriched in protein binding motifs and residues. In different tissues, p73 isoforms with different C-termini may have different binding partners that can be recognized by the appropriate interacting regions of 73, causing the formation of a variety of p73 coregulator complexes. The localization of these complexes can also lead to functional diversification. Thus, p73-containing complexes within the nucleus select direct and indirect p73 target genes and regulate them via composite and tethering mechanisms based on a specified promoter architecture. In addition, p73 isoforms may be able to bind to other proteins as transcriptional regulators, such as the miRNA processing complex and SAC. p73 isoforms also physically associate outside the nucleus with proteins localized in a number of subcellular organelles. The ER- and Golgi-related interactome reflects to some extent the well-established tendency of TP73 gene products to undergo post-translational modifications. However, their potential to interact directly with proteins in intracellular compartments, such as the cell membrane, lysosomes, endosomes, and mitochondria might indicate novel, non-transcription-mediated functions of p73 isoforms that are worth unveiling in the future. A comprehensive scheme of the heterogeneity of mechanisms supporting p73 functional pleiotropy and diversity is shown in Figure 4. The proposed mechanistic models could explain, at least in part, the different and sometimes conflicting results in different cell contents and experimental settings. Dysregulation of one or more of the above parameters in tumors could lead to cancer progression by reactivating p73-regulated differentiation programs in a spatiotemporally inappropriate manner. Moreover, miRNAs that target and inhibit p73 mRNA at the post-transcriptional level [extensively described in Logotheti et al. (2019)], as well as several protein modificators of the activity and stability of p73 protein in the post-translational label [reviewed in detail in Conforti et al. (2012)] create additional layers of complexity in the mechanisms underlying the p73-mediated functions.
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FIGURE 4. Comprehensive illustration of the mechanistic heterogeneity that supports the functional pleiotropy of TP73. Each p73 isoform has a unique combination of interacting motifs and residues that can develop distinct PPIs. This is particularly important for their function across several organ systems, which present tissue-specific protein contents. The resulting complexes of p73 isoforms with their protein binding partners interact with gene promoters according to composite or tethering mechanisms of gene transcription regulation; are integrated in other multi-protein complexes within the nucleus, such as the miRNA processing complex, to control miRNA maturation; or are localized in the cytoplasm, possibly affecting the function of several subcellular organelles and/or the plasma membrane.


From the therapeutic perspective, these new insights provide a roadmap for efficient and selective manipulation of p73 isoforms toward precision medicine. On the shoulders of structural systems pharmacology (Duran-Frigola et al., 2013; Xie et al., 2014), these mechanisms can be translated into personalized solutions against various complex diseases associated with p73 dysregulation. By applying relative structure-based computational pipelines, which we have recently successfully implemented to design strategies against the metastatic interactome of other key transcription factors such as E2F1 (Babushok et al., 2015; Logotheti et al., 2020a), the p73 isoform-coregulator complexes causally associated with pathological conditions can be identified and 3D models generated to reveal their interacting interfaces. Subsequently, structure-based pharmacophore modeling can be used to identify potential inhibitors that disrupt these PPIs and dissociate the pathological p73 coregulator complexes of interest by destabilizing the bonds at the sites of their physical association. These predicted inhibitors with prognosticating effect can become part of drug discovery programs for the development of next generation p73-based targeted therapeutics.
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Dendritic cells (DCs) can be used for therapeutic vaccination against cancer. The success of this therapy depends on efficient tumor-antigen presentation to cytotoxic T lymphocytes (CTLs) and the induction of durable CTL responses by the DCs. Therefore, simulation of such a biological system by computational modeling is appealing because it can improve our understanding of the molecular mechanisms underlying CTL induction by DCs and help identify new strategies to improve therapeutic DC vaccination for cancer. Here, we developed a multi-level model accounting for the life cycle of DCs during anti-cancer immunotherapy. Specifically, the model is composed of three parts representing different stages of DC immunotherapy – the spreading and bio-distribution of intravenously injected DCs in human organs, the biochemical reactions regulating the DCs’ maturation and activation, and DC-mediated activation of CTLs. We calibrated the model using quantitative experimental data that account for the activation of key molecular circuits within DCs, the bio-distribution of DCs in the body, and the interaction between DCs and T cells. We showed how such a data-driven model can be exploited in combination with sensitivity analysis and model simulations to identify targets for enhancing anti-cancer DC vaccination. Since other previous works show how modeling improves therapy schedules and DC dosage, we here focused on the molecular optimization of the therapy. In line with this, we simulated the effect in DC vaccination of the concerted modulation of combined intracellular regulatory processes and proposed several possibilities that can enhance DC-mediated immunogenicity. Taken together, we present a comprehensive time-resolved multi-level model for studying DC vaccination in melanoma. Although the model is not intended for personalized patient therapy, it could be used as a tool for identifying molecular targets for optimizing DC-based therapy for cancer, which ultimately should be tested in in vitro and in vivo experiments.
Keywords: melanoma, immunotherapy, gene networks, kinetic modeling, cellular therapy, bio-distribution, dendritic cell vaccine, systems medicine
INTRODUCTION
Dendritic cells (DCs) are the strongest stimulators of our immune response (Fong and Engleman, 2000). They are the most prevalent antigen-presenting cells in the immune system and regulate the systemic antigen presentation process. The ability to culture DCs in vitro and load them with exogenous antigens and their ability to subsequently activate cytotoxic T cell immunity makes them interesting candidates for cancer immunotherapy vaccines (Steinman, 1989; Timmerman and Levy, 1999; Bullock et al., 2003; Michiels et al., 2005; Morandi et al., 2006; Palucka and Banchereau, 2013; Schaft et al., 2013; Sprooten et al., 2019). Currently, two approaches to endow DCs with the antigenic T-cell epitopes are mainly pursued: exogenous peptides can be loaded directly onto the surface of the DCs, where they replace the endogenous peptides within the HLA-molecules. Alternatively, the antigens can be expressed within the DCs by mRNA transfection, to employ the natural antigen-processing machinery of the DCs, which generates epitopes from the encoded antigens and presents them in its HLA molecules (Sprooten et al., 2019). For instance, DCs are pulsed with tumor antigens in form of proteins or peptides (Timmerman and Levy, 1999) or electroporated or transfected with mRNA encoding tumor antigens to generate cancer vaccines (Michiels et al., 2005; Schaft et al., 2013). Specifically, the data showed that successfully transfected DCs express 10 times more antigens than those electroporated with tumor mRNAs and thus can activate more T cells (Schaft et al., 2013). Administered as a vaccine, DCs can induce protective anti-tumor immunity (Timmerman and Levy, 1999). Furthermore, some studies showed that after priming T cells with DCs transfected with tumor mRNA, T cells with both effector and memory phenotypes can be found and both the primary and the recall T-cell response are triggered (Bullock et al., 2003; Morandi et al., 2006).
Compared to other therapy approaches such as adoptive T-cell transfer, the DC therapy shows better tolerance in cancer patients to enhance immune response (Abbas et al., 2018). For example, it has been shown that adoptive transfer with tumor-reactive T cells in melanoma patients can result in tumor regression, but also induce an autoimmune response to normal tissues that led to inflammatory skin lesions (Yee et al., 2000; Dudley et al., 2002). In contrast, Schreurs et al. demonstrated that peptide-loaded DC vaccine can induce strong anti-tumor immunity and reduce toxicity of the immune therapy (Schreurs et al., 2000).
DCs can be derived in vitro from blood monocytes, loaded with tumor antigens and matured by cytokine-cocktails including TNFα, IL-1β, and IL-6 combined with PGE2 (Pfeiffer et al., 2014) to be subsequently injected into the patient in the form of a vaccine (Timmerman and Levy 1999; Fong and Engleman, 2000; Abbas et al., 2018). Immature DCs are triggered to mature by stimulation with TNFα or lipopolysaccharide (LPS). Upon maturation, the DCs become motile and travel from the tissue to the T-cell areas of peripheral lymphatic organs for the antigen presentation. They start secreting a variety of cytokines and chemokines (such as IL-6, IL-8, and IL-12) that serve as co-stimulators and attractants for the activation of CD8+ cytotoxic T cells. They also express surface molecules (e.g., CD70) that are used for the specialized interaction with the CD8+ T cells. CD8+ cytotoxic T lymphocytes are important effectors of anti-tumor immunity (Vesely et al., 2011; Abbas et al., 2018), and after the antigen presentation by DCs, successful stimulation of CD8+ T cells depends on the composition of these co-stimulatory factors such as cytokines and chemokines. The NF-κB signaling pathway is crucial for DC maturation (Tas et al., 2005; Morandi et al., 2006; Hernandez et al., 2007; Pfeiffer et al., 2014), and strategies targeting the pathway are continuously being developed to further improve this immunotherapy approach. One promising method, for example, is the electroporation of DCs with mRNA encoding constitutively active IKKβ that can activate the NF-κB signaling pathway and upregulate maturation markers such as CD40, CD70, CD80, OX40L, IL-12, and IL-8 leading to the persistent proliferation of CD8+ T cells with a memory phenotype (Pfeiffer et al., 2014).
In addition to experimental studies, researchers have developed computational models to study dynamic systems accounting for immunity against cancer. Such models not only help to dissect the molecular mechanism underlying immune response against cancer but also to design experiments to improve available anti-cancer immunotherapies. For instance, the model developed by Castiglione et al. describes the dynamics between DCs, CD8+ T cells, and tumor cells using a system of ordinary differential equations (ODEs). The model was used to search for an optimal protocol for the drug treatment, i.e., the optimal amount of DCs per vaccine, the optimal timing for one injection, and the optimal number of injections (Castiglione and Piccoli, 2007). Another work focuses on a personalized application using patient-specific parameters, and therefore, the interaction between immune effector cells and tumor cells was considered in the model (Kogan et al., 2012). Gong et al. used multiscale agent-based modeling to describe the dynamics between cytotoxic T cells and cancer cells and their three-dimensional distribution. The model provides a framework that enables predictions of treatment/biomarker combinations for different cancer types based on patient data (Gong et al., 2017). Mathematical modeling of T cell-macrophage interactions within the tumor microenvironment showed that inhibition of macrophage is the most effective strategy to promote T cell function, and therefore improving the effectiveness of immunotherapies that target macrophages (Cess and Finley, 2020). Arulraj and Barik developed an ODE model to investigate the role of feedback loops in inhibition of T-cell function by PD-1 and identified that the tyrosine kinase Lck is a crucial regulator for PD-1 induced inhibition of T-cell receptor signaling (Arulraj and Barik, 2018). De Pillis and coworkers developed a mathematical model describing the DC vaccination for melanoma and utilized it to propose therapy schedule that can improve the efficacy of the vaccine (DePillis et al., 2013). Santos and coworkers integrated transcriptomic data with mechanistic modeling of DC vaccination for melanoma to detect mechanisms that are related to sensitivity and resistance of the immunotherapy (Santos et al., 2016). So far, most of the published models have considered only cell-to-cell communications through direct contact or the secretion of cytokines and chemokines. However, intracellular biochemical networks that are crucial for regulating cell function can be tuned to improve immunotherapies (Lai et al., 2021). Therefore, integrating them into multi-level computational models offers the opportunity to simulate and analyze molecular events that can determine the efficiency of anti-cancer immunotherapies.
In this work, we developed a multi-level model accounting for DC-based anti-cancer immunotherapy. By calibrating, simulating, and analyzing the model, we aimed to understand the molecular mechanism and cell-to-cell interactions that are crucial for regulating DC-mediated immunogenic function and therefore identifying molecules that can improve the efficiency of the DC-based immunotherapy. Specifically, the model is composed of three parts representing different stages of the DC immunotherapy – the bio-distribution of the DCs in the human organs, the biochemical reactions regulating the DCs’ maturation, and DC-mediated activation of CD8+ T cells. Next, we calibrated the model using several experimental data sets accounting for the dynamics and bio-distribution of intravenously injected DCs in the human body, the kinetics of molecules during DC maturation, and the dynamics of the T cell population after the injection of the DC vaccine, respectively. Then, we performed sensitivity analysis on model parameters to identify molecules and biochemical reactions that are impactful on a DC-mediated T-cell response. We found the NF-κB regulators (i.e., IKKβ and IκBα) and cytokines (i.e., IL-6 and IL-8) are top-ranking molecules for regulating the T-cell response. Finally, we ran simulations to quantify how modulating the expression of the identified molecules can change the number of memory T cells. Such results lay the basis for experimental validation of the effects of the identified molecules for improving the efficiency of DC immunotherapy. Taken together, the modeling approach allows for the effective integration of experimental data into a multi-level model accounting for DC-based anti-cancer immunotherapy. Although the model is not intended for personalized patient therapy, it could be used as a tool for identifying molecular targets for optimizing DC-based therapy for cancer, which ultimately should be tested in in vitro and in vivo experiments.
MATERIALS AND METHODS
Model Construction and Simulation
We developed a multi-level model accounting for three stages of DC immunotherapy – the spreading and distribution of intravenously injected DCs in the human organs, the biochemical reactions regulating the DCs’ maturation and activation, and DC-mediated T-cell responses. The model was implemented using ODEs and simulated in MATLAB R2015b (see Supplementary Material for details). We used the MATLAB function ode45 to solve the system accounting for the maturation of DCs. The function is based on the Dormand and Prince Runge-Kutta methods. We used the MATLAB function dde23 to solve the equations accounting for a DC-mediated T-cell response. This method is based on an explicit Runge-Kutta method pair and especially for delay differential equations with constant delay. We ran simulations on a computer with a four core CPU (3.2 GHz) and 8 GB RAM.
Here, we listed some representative equations for each part of the model. Specifically, we used four ODEs to describe the temporal dynamics of DCs in the blood, the spleen, the liver, and the lung. A representative equation is shown as follows
[image: image]
The number of DCs in the spleen ([image: image]) is determined by the flow of DCs from the blood ([image: image]) into the spleen at the rate ([image: image]) and its degradation rate ([image: image]). [image: image] and [image: image] denote the volume of the blood and spleen, respectively.
The maturation of DCs in the spleen is characterized by 20 ODEs that account for the activation of the NF-κB pathway and its downstream targets such as cytokines that are crucial for T-cell responses. The equations accounting for the mRNA and protein of IL-8 are shown below
[image: image]
[image: image]
The transcription of IL-8 mRNA is determined by its basal transcription rate ([image: image]) and another term ([image: image]) accounting for the regulation by NF-κB. [image: image] denotes the degradation of the IL-8 mRNA. The protein expression of IL-8 is determined by its translation from its mRNA ([image: image]), its degradation ([image: image]), and its secretion ([image: image]) from DCs into the spleen.
The activation of T cells is modeled using four ODEs. The equations describe the process of how lymph node T cell activation translates to different phenotypes of T cell subsets such as early effector, short-lived effector, and memory T cells. The equation describing memory T cells is shown as follows
[image: image]
The number of memory T cells (M) is translated from early effector (EE) and short-lived effector (SLE) T cells with the rates of [image: image] and [image: image], respectively. The constant 0.1 denotes that in experiments only 10% of the short-lived effector T cells become memory T cells (Badovinac et al., 2002; Mueller et al., 2013).
Structural Identifiability Analysis
Before model calibration, it is useful to investigate whether it is possible to obtain identifiable parameters using experimental data. Global structural identifiability analysis can provide a good indication of this. Therefore, we used the MATLAB toolbox GenSSI to perform structural identifiability analysis (Chis et al., 2011). The algorithm uses Lie derivatives of the ODE model to investigate the structural identifiability of ODE models. Theoretically, if sub-models are structurally identifiable, so is the entire model (Villaverde et al., 2016). Therefore, to reduce computation time we divided our model into separated parts, including DC distribution, NF-κB activation, NF-κB-mediated secretion of cytokines, and T-cell response, and performed the analysis on each part.
Model Calibration
We used a hybrid method that combines global and local optimization algorithms to perform parameter optimization. Such a method facilitates global exploration of parameter space and fast local convergence (Villaverde et al., 2019). Specifically, we derived 1000 parameter sets using Latin hypercube sampling that not only samples random parameter values but also guarantees a uniformed distribution of parameter values in their defined ranges (Tang, 1993). The 1000 parameter sets are initial values of model parameters and were used for model calibration. We first fit the model to the experimental data using the pattern search algorithm (MATLAB function patternsearch) that is a global derivative-free optimization algorithm. The top 100 the solutions of the global optimization results (quantified by the cost function) were used for subsequent local optimization. The local optimization algorithm (MATLAB function fmincon) is gradient-based and allows for efficient searching that makes the cost function converge fast. We obtained the optimum parameter set that minimizes the cost function
[image: image]
Where [image: image] represents the experimental data that shows the value of the observation [image: image] at time point j. [image: image] is the corresponding model simulation with a specific set of parameter values p. The cost function is normalized using the maximum value of each experimental data set (i.e., [image: image]) to prevent the biased effects caused by different data scaling during parameter estimation. If available, the cost function is additionally weighted by the standard deviation of the experimental data [image: image].
We used the experimental data accounting for in vitro differentiated DCs into the liver, the spleen, the lung and other periphery after intravenous injection (Mackensen et al., 1999) to characterize the dynamics of DCs in human organs (Supplementary Table S1). We characterized NF-κB pathway activation in DCs (Supplementary Table S2), cytokine and chemokine production by DCs (Supplementary Table S2), and DC-mediated T cell responses (Supplementary Table S3) using the data from our previous publication (Pfeiffer et al., 2014). A detailed description of how each part of the model is calibrated can be found in Supplementary Material.
Practical Identifiability Analysis and Confidence Intervals of Parameters
To analyze the uncertainty in parameter estimates, we computed Pearson correlation coefficients to quantify their linear dependence using the top 100 out of 1000 estimates. Among the top 100 parameter estimates, we used the best 15 parameter estimates that show the minimum value in the cost function to calculate the confidence intervals of estimated parameters. Specifically, for each estimated parameter we generated 1000 bootstrap samples using its estimated values in the best 15 parameter estimates. Then, we used the mean value and standard deviation of the 1000 samples to derive the parameters’ 95% confidence intervals. We performed the analyses using the MATLAB function bootci.
Sensitivity Analysis
We performed global sensitivity analyses to quantify the impact of model parameters on the dynamics of the system. We used the Sobol method that considers variations within the entire variability space of the model parameters (Saltelli et al., 2008; Sarrazin et al., 2016). We computed two types of indices: first-order indices (main-effects) and total-order indices (total-effects). The former measures the direct contribution from a model parameter (e.g., the total amount of NF-κB) to a model variable (e.g., the count of memory T cells), while the latter measures the overall contribution including the direct contribution and the amplification of this contribution due to interactions with all other model parameters (Sarrazin et al., 2016). The analysis was performed using the MATLAB toolbox SAFE (Pianosi et al., 2016) and the detailed computation of the sensitivity indices can be found in Supplementary Material.
RESULTS
The Multi-Scale Model Accounting for DC-Based Anti-cancer Immunotherapy
We developed a multi-scale model accounting for DC-based anti-cancer immunotherapy. We considered different stages of the DC therapy: 1) the bio-distribution of DCs in the human body after the treatment, 2) the biochemical pathways underlying DC maturation, and 3) the DC-induced immune response such as activation of CD8+ T cells.
We characterized the trafficking and distribution of dendritic cells (DCs) in the human body using published data (Ludewig et al., 2004) (Figure 1; see Supplementary Material for details). Specifically, DCs are administrated into patients through intravenous injection. The injected DCs mainly spread into the liver, the lung, the spleen, and other peripheries. According to the data (Mackensen et al., 1999; Ludewig et al., 2004), after reaching the liver, DCs reside there, while DCs enter quickly into the lung but also decrease to a minimal level. In our model, we used the spleen as a representative lymphoid organ, in which effective, antigen presentation-mediated interactions between T and dendritic cells happen (Mackensen et al., 1999; Barinov et al., 2017; Abbas et al., 2018).
[image: Figure 1]FIGURE 1 | Scheme of the multi-scale model accounting for DC vaccine against cancer. The multi-level model contains three parts: the kinetics and bio-distribution of intravenously injected DCs in human organs (including the liver, the lung, and the spleen), the signaling pathways underlying DC maturation, and DC-mediated T-cell response. The labels next to the blue arrowed lines are the corresponding model parameters. The signaling pathway in DCs is drawn using Systems Biology Graphical Notation. A detailed description of the model can be found in Supplementary Material.
Concerning the pathways underlying DC maturation and activation, we further considered in the model the NF-κB pathway underlying DC maturation; this part of the model was adapted from our previous results (Schulz et al., 2017) (Figure 1; see Supplementary Material for details). In our model, mature DCs secrete a variety of cytokines (e.g., IL-12, IL-6, and IL-8) that can lead to T cell activation. The production of the cytokines is due to the stimulation of receptors (such as TNFα receptor, IL-1 receptor, CD40 receptor, and TLR4), leading to the activation of the NF-κB signaling pathway. Besides, we considered a surface protein CD70 expressed by DCs after stimulation, as the protein can induce the expansion of antigen-specific CD8+ T cells.
Finally, we included a model module accounting for T cell activation by DCs in the spleen. The process was modeled considering three phases: 1) a short-term interaction between the naive T cells and DCs; 2) upregulation of activation markers and initiation of IFNγ and IL-2; and 3) T cell proliferation after contact with DCs.
Taken together, we developed a model accounting for the life cycle of intravenously injected DCs from their spreading in human organs to inducing a T-cell response in the spleen. The resulting model contains 25 variables and 46 parameters (see Supplementary Material for details). The model includes not only cell population dynamics in human organs but also biochemical reactions that are crucial for DC maturation, making it an in silico platform to investigate intracellular manipulation of DCs utilized in vaccination against the tumor.
Model Calibration Using Experimental Data
After constructing the multi-scale model, we performed structural identifiability analysis to identify whether model parametrizations with different values can produce the same simulations results (see Materials and Methods). The results showed that the whole model is not structurally identifiable. Specifically, the DC distribution part of the model is structurally non-identifiable, and this is caused by the parameters accounting for volumes of human organs (QBlood, QSpleen, QLung, and QLiver), So, we fixed their values using the physiological information (Supplementary Table S1). The part accounting for NF-κB activation is structurally non-identifiable, and this is caused by parameters accounting for the phosphorylation rate of IRAK1 ([image: image]) and TRAF2 ([image: image]). Hence, we made their values equal to other phosphorylation processes catalyzed by other enzymes (Supplementary Table S2). The other model parts are structurally identifiable, and they account for NF-κB-mediated secretion of cytokines and chemokines and T cell response.
Next, we characterized the model parameters using published experimental data sets (see Materials and Methods). We separately calibrated the model using independent datasets that account for the dynamics of the system at different levels. Such a strategy is suitable and has been used for biological models composed of parts with different structural, time, and space scales (Vera et al., 2013).
We used the data that quantify injected DCs’ activities in the lung, liver, spleen, and blood to characterize model parameters associated with the trafficking and distribution of DCs in the human body (Mackensen et al., 1999). The obtained model can reproduce the data available (Figure 2). After DCs are injected into the blood, they quickly spread into the other organs and the amount of DCs decreases to zero in the blood. DCs traffic into the lung leading to a temporal increase followed by a quick drop, and afterward, the DCs stay at a low level. DCs enter the liver and remain stable in number for up to 72 h (Mackensen et al., 1999). In the spleen, the amount of DCs rapidly reaches a peak and gradually decreases as they circulate in the body after provoking a T-cell response.
[image: Figure 2]FIGURE 2 | Dynamics of DCs in human organs. The plots show the bio-distribution and kinetics of DCs in (A) the blood (B) the lung, (C) the spleen, and (D) the liver. The data show the uptake (y-axis) of intravenously injected DCs over time (x-axis). The lines and star asterisks denote model simulations and experimental data, respectively. The experimental data is from Figure 2 in Mackensen et al. (1999). The temporal distribution of DCs were quantified by radioactivity in the lung, spleen, and liver of a patient after intravenous injection for 72 h.
As the model equations accounting for the NF-κB pathway underlying DC maturation were adapted from our previous model, we used their original parameter values as initial values and re-calibrated them by fitting the model simulations to the experimental data measuring NF-κB pathway activation after LPS stimulation (Bode et al., 2009). Using the data, we characterized the dynamics of IκBα mRNA and protein and NF-κB in DCs (Figure 3). The LPS stimulation upregulates the expression of free NF-κB, as the increased IKKβ by the stimulation releases NF-κB from the complex formed by NF-κB and IκBα and degrades IκBα through phosphorylation. The free NF-κB promotes the transcription of the IκBα mRNA, leading to the recovery of IκBα that downregulates the expression of free NF-κB through a negative feedback loop. Besides, we used another set of data to characterize the dynamics of cytokines and surface markers after electroporating DCs with RNAs encoding constitutively active IKKα and -β (caIKK) that can activate the NF-κB pathway (Pfeiffer et al., 2014). Such treatment results in upregulation of IL-12, IL-6, IL-8, and CD70 for 72 h (Figure 4) and these markers are crucial for priming a T-cell response.
[image: Figure 3]FIGURE 3 | Dynamics of IκBα and NF-κB in DCs. The plots show the dynamics of (A) NF-κB protein and (B) IκBα mRNA and (C) protein in DCs after LPS stimulation. The lines and asterisks denote model simulations and experimental data, respectively. The NF-кB activation was characterized by its binding activity to DNA, and the experimental data were normalized to the maximal binding activity (Figure 3C in Bode et al., 2009). The data shown here is a representative of three independent experiments. The IκBα mRNA was measured by qPCR (Figure 5A in Bode et al., 2009) and its relative mean expression (normalized to the maximal value) in comparison to the mRNA encoding the house-keeping gene β-actin was shown. The IκBα protein expression was quantified using a representative western blot (Figure 3A in Bode et al., 2009) and normalized to the maximal value. The western blot data was quantified using the software ImageJ.
[image: Figure 4]FIGURE 4 | Dynamics of cytokines and membrane proteins in DCs. The bar plots show the temporal concentrations of (A) IL-12, (B) IL-6, (C) IL-8, and (D) CD70 after electroporating DCs with mRNAs encoding constitutively active IKKβ. The red and blue bars denote model simulations (the best fitting) and experimental data (mean ± standard deviation), respectively. The experiments were repeated for four times. The cytokine data are from Figure 3A in Pfeiffer et al. (Pfeiffer et al., 2014). The matured DCs’ cytokine concentrations after electroporation of IKKβ mRNA in the supernatants were determined by cytometric bead array. The data were measured using samples from eight different donors at the respective time points. The CD70 data is from Figure 1B in Pfeiffer et al. (Pfeiffer et al., 2014). It was assessed by flow cytometry in matured DCs electroporated with IKKβ mRNA. Fold-changes of CD70 compared to the controls (no electroporation of IKKβ mRNA) were calculated using the mean fluorescence intensity.
To characterize the model parameters that are associated with T-cell priming by DCs in the spleen, we used the in vitro data that show dynamics of the T-cell population after co-culturing them with control DCs or caIKK-DCs (Pfeiffer et al., 2014). Compared to the control DCs, the caIKK-DCs secret more cytokines such as IL-12, IL-8, IL-6, and TNF (Pfeiffer et al., 2014) and increase the production of T cells (Figure 5).
[image: Figure 5]FIGURE 5 | Dynamics of T-cell populations after co-culturing them with DCs. The plot shows the number of short-lived effector cells after priming with mock-electroporated DCs (red lines) and DCs electroporated with mRNAs encoding constitutively active IKKβ (blue lines). The experimental data is from Figure 4B in Pfeiffer et al. (Pfeiffer et al., 2014). Four hours after electroporation, the DCs were used to stimulate MelA-specific CD8+ T cells. In total, three stimulations were performed with an interval of 1 week between two subsequent stimulations. After each stimulation, the number of T cells was determined by tetramer-staining.
Furthermore, we performed practical identifiability analysis in parameter estimates (see Materials and Methods). This allowed us to examine whether the estimated parameters are practically identifiable – the estimated model parameters have unique values that fit model simulations to experimental data used for model calibration. As shown in Figure 6A, the estimated parameters for DC distribution have no correlation with each other suggesting the corresponding parameters are practically identifiable. This is confirmed by the distribution of estimated parameter values in the best 15 parameter estimates that show the minimum cost function value (Supplementary Figure S1). All estimated parameters for DC distribution have unique values for the best parameter estimates. In addition, the model parameters accounting for the NF-κB pathway underlying DC maturation show moderate correlations (Figures 6B,C). Among the 28 estimated parameters, five are practically non-identifiable and they are [image: image], [image: image], [image: image], [image: image], and [image: image] (Supplementary Figure S2). The non-identifiable parameters show small variances in their estimated values (Supplementary Table S2). This is due to the relatively small number of experimental data that are available for parameter estimation (Raue et al., 2009). The Michaelis-Menten coefficient K4 is the only parameter estimated to fit model simulations to the data accounting for T-cell dynamics (Supplementary Table S3). The estimated value of K4 is practically identifiable for its unique value in the best parameter estimates (Supplementary Figure S3). Taken together, most model parameters are practically identifiable because of their unique estimated values in the best parameter estimates. The practically non-identifiable parameters have confidence intervals with small ranges, suggesting minor influences on their biological interpretability.
[image: Figure 6]FIGURE 6 | Correlation analysis of model parameters. We computed the Pearson correlation coefficients for estimated model parameters of bio-distribution of DCs (A), signal transmission (B) and cytokine production (C) in NF-κB pathway. The correlation coefficients are visualized by circles. Their values are proportional to the size of the circles, and their signs are denoted by colors (positive: yellow; negative: blue). A value of zero (empty grids) means that two parameters are not correlated because either or both of their estimated values are unique.
Due to the lack of a complete data set that can characterize the dynamics of DCs used as an anti-cancer therapy, we calibrated model modules separately using relevant datasets from different publications. In all cases, the datasets were produced using human material or relevant experimental models that are generally accepted in the context of DC vaccine development (Brossart et al., 2001). We think they are complementary because they characterize the dynamics of the DC vaccination at different levels. This strategy has been used in other data-driven computational models (Sobotta et al., 2017, Hesse et al., 2021, Fey et al., 2015).
Identification of Crucial Parameters Affecting DC-Mediated T-Cell Responses
After finishing calibrating the model with experimental data, we used it to simulate a DC-mediated T-cell response. Before running simulations, we set DCin = 105 as the data showed that about 105 DCs are required for a T-cell response with a 70% probability (Celli et al., 2012). We set QSpleen = 105 as the measured volume of a spleen is 105 mm3 (Odorico et al., 1999). Besides, we assumed that the initial number of antigen-specific naive T cells in the spleen is 106, so we set T0 = 106 (Celli et al., 2012, Henrickson et al., 2008). We simulated the dynamics of different T cells in the spleen after injection with two different DC vaccines: normal DCs and DCs electroporated with caIKKβ-RNA (caIKK-DCs). In the simulations, both types of DCs were injected at t = 0 h with different degradation rates of IKKβ that are caused by caIKK in DCs ([image: image] = 0.840 h−1 for normal DCs and [image: image] = 0.216 h−1 for caIKK DCs).
As shown in Figures 7A–D, the DC vaccines result in the loss of naive T cells that differentiate into early effector T cells, which show a quick increase after the DC stimulation. The early effector cells gradually differentiate into short-lived effector T cells and memory T cells, both of which saturate at high levels. Compared to the normal DC vaccine, the caIKK-DCs increase the levels of short-lived effector and memory T cells by about 7-fold, demonstrating the enhanced immunogenic potency of the caIKK-DCs. At the molecular level, such improved immunogenic potency is caused by the upregulated activation of NF-κB pathway by IKKβ in DCs (Figures 7E,F).
[image: Figure 7]FIGURE 7 | Simulations of DC-mediated T-cell response. The plots show dynamics of (A) Naive T cells, (B) early effector T cells, (C) short-lived effector T cells, and (D) memory T cells in the spleen after stimulation with mock-electroporated DCs (dotted line) and caIKKβ-mRNA-electroporated DCs (solid line). Besides, we show the dynamics of (E) IKKβ and (F) NF-κB in DCs (non-dimensionalized).
Successful activation of naive T cells depends mainly on successful and strong interaction with antigen-presenting DCs (Timmerman and Levy, 1999, Abbas et al., 2018). The goal of a DC vaccine is to increase the number of the resulting memory T cells that contribute to a rapid immune response upon reactivation and form a long-lasting immunity (Akondy et al., 2017, Ando et al., 2019, Ahmed und Gray, 1996). Therefore, we performed sensitivity analyses to investigate the molecular mechanisms that are crucial for regulating the differentiation from naive T cells into early effectors and thus into memory T cells. Specifically, we used the global sensitivity method Sobol to compute sensitivities of model parameters to the population of memory T cells over the simulation time interval [0, 200] h (see Material and Methods). As shown in Figures 8A,B, the top-ranking 15 parameters show similar patterns in their sensitivity indices – the values are low shortly after the DC stimulation, gradually increase to a higher level, and stays at the high level until the end of the simulations. Among the top-ranking parameters, the most influential ones on the production of memory T cells are [image: image], [image: image], and Ntot that account for the degradation rate of IKKβ, the activation rate of naive T cells, and the total amount of free NF-κB. The less influential parameters are those associated with the degradation rate of IκBα mRNA ([image: image]), the degradation rate of the IKK protein ([image: image] short-lived T-cell differentiation ([image: image]), loss of free IκBα ([image: image]), and the production of IκBα mRNA and protein ([image: image] and [image: image]). The least influential parameters are the degradation rate and NF-κB-mediated transcription rate of IL-8 mRNA ([image: image] and [image: image]), the degradation rate and NF-κB-mediated transcription rate of IL-6 mRNA ([image: image] and [image: image]), the injected number of DCs (DCin), and the homing rate of DCs into spleen ([image: image]). We obtained similar results while computing the sensitivities of model parameters to the total amount of memory T cells (computed by taking the integral over the simulation interval [0, 200] h) (Figure 8C). The only difference is that the DC emigration rate from blood to other organs (µ) replaces [image: image] and appears as the least influencing parameters.
[image: Figure 8]FIGURE 8 | Sensitivity analysis of model parameters. (A) The heat map shows the time-dependent sensitivity indices of model parameters. The bar plots show (B) average time-dependent sensitivity indices of model parameters and (C) sensitivity indices of model parameters to the total amount of memory T cells. The main effect (blue bar) measures the direct contribution from an individual parameter to the model variable, while the total effect (red bar) measures the overall contribution including direct contribution and the amplification of the direct contribution due to interaction with all model parameters. Each graph shows the result for the most 15 sensitive parameters. The sensitivity indices of all parameters can be found in Supplementary Table S4.
Further analysis showed that the length of simulation time and the variation of estimated parameter values have limited effects on model parameters’ sensitivity indices for the total amount of memory T cells over the simulation interval. Specifically, after extending the simulation time to 500 h, the most influential parameters (i.e., [image: image], [image: image], [image: image], [image: image], and [image: image]) remain unchanged (Supplementary Table S5). In longer stimulation time, several parameters (i.e., µ, µBS, DCin, [image: image], [image: image] and [image: image]) become less influential and two parameters [image: image] (the degradation rate of IL-6) and K4 become more influential. After increasing parameter variations to 90% of their estimated values, most of the top 15 parameters remain in the list but have different ranking (Supplementary Table S6). The exceptions are µBS, [image: image], and [image: image] that become less influential and drop out of the top 15 parameters. Besides, [image: image] (degradation rate of TRAF2), [image: image], and [image: image] (differentiation rate of early effector T cells into memory T cells) become more influential and are new top 15 parameters.
Taken together, the results demonstrated the ability of the multi-scale model to differentiate the ability of different DC vaccines to stimulate a T-cell response and to reveal the molecular mechanisms that are important for CD8+ T-cell activation through sensitivity analysis.
In Silico Experiments to Predict the Effects of Modulation of Selected Molecules on DC-Mediated T-Cell Responses
After identifying influential parameters that can modulate the production of memory T cells, we ran simulations to predict how corresponding biological processes can change the dynamics of the memory T-cell population. From the 15 most influential parameters, we have selected five corresponding to specific genes that could be experimentally manipulated. Specifically, we perturbed those parameters in an interval that decreases and increases their estimated values by 10 folds (i.e., the estimated value × [0.1, 10]) and computed the steady state of memory T cells. As shown in Figure 9, the total amount of free NF-κB (Ntot) and the degradation rate of IκBα mRNA ([image: image]) can positively affect the population of memory T cells. Decreasing the value of Ntot by 90% eliminates the T memory cells while increasing its value leads to an increased cell population. The cell population peaks when the value of Ntot increases by about 3–4 folds and slightly decreases when Ntot is at its maximum level. Such a phenomenon could be explained by the negative feedback loop formed by NF-κB and IκBα. Free NF-κB activates the transcription of IκBα, whose encoding protein reduces free NF-κB by forming complexes. Thus, when the level of IκBα protein reaches a certain threshold, free NF-κB starts decreasing leading to a reduced number of T cells. In contrast, the decreasing of [image: image] by 90% results in a slight reduction of T memory cells, and a 10-fold upregulation in the parameter value leads to about a 3-fold increase in the cell population. Biologically, the IκBα protein is an inhibitor of NF-κB and traps free NF-κB through forming complexes (Hayden and Matthew, 2008), so decreasing the IκBα mRNA results in the reduced level of the protein, thereby releasing more free NF-κB in DCs that is required for T-cell activation.
[image: Figure 9]FIGURE 9 | Simulations of memory T-cell dynamics by perturbing the values of sensitive parameters. The response of memory T cells to the modulation of (A) total amount of NF-κB, (B) degradation rate of IκBα mRNA, (C) degradation rate of IKK, (D) degradation rate of IL-6 mRNA, and (E) IL-8 mRNA. The steady state of memory T cells was determined at t = 4000 h. Each parameter was perturbed within the interval (the estimated value × [0.1, 10]).
On the other hand, perturbation of the degradation rates of IKKβ ([image: image]), IL-6 mRNA ([image: image]), and IL-8 mRNA ([image: image]) negatively affect the memory T-cell population. The dynamics of the cell population show similar patterns when the three parameters are perturbed in the specified interval – memory T cells are at the maximum level when the values of the parameters are reduced by 90% and at the minimum level when the values of the parameters increase by 10-folds. Biologically, IKKβ induces degradation of IκBα through phosphorylation (Hayden and Matthew, 2008), thereby releasing NF-κB from the complexes. Therefore, increasing the degradation of IKKβ leads to downregulation of NF-κB in DCs that reduce the induction of memory T cells. IL-6 and IL-8 secreted by DCs are required for differentiation of naive T cells into early effector T cells that further differentiate into short-lived effector T cells and memory T cells (Hunter and Jones, 2017, Taub et al., 1996), thereby increasing the degradation of the cytokines results in the decreased level of memory T cells.
Furthermore, we simulated how the population of memory T cells changes when combining two parameters and perturbing them simultaneously. We are particularly interested in modulating the expression levels of genes that can be manipulated in DCs and thereby improving the immunogenic potency of DC vaccines (Figure 10A). For instance, one can upregulate the expression level of NF-κB through electroporating DCs with mRNA encoding constitutively active IKKβ. In addition, one could downregulate IκBα using microRNAs that repress gene expression at the post-transcriptional level to increase the level of NF-κB in DCs. One could also increase the levels of DC-secreted cytokines (such as IL-6 and IL-8) that are involved in the T-cell response through electroporation of the corresponding mRNAs into DCs.
[image: Figure 10]FIGURE 10 | Model predictions of DC-mediated T-cell responses. (A) Scheme of experimental strategies to increase T-cell responses. The manipulation of the identified molecules includes upregulation of IKKβ and cytokines using transfected mRNAs encoding the corresponding proteins and downregulation of IκBα using transfected microRNAs. It has been shown that miR-30e, miR-196a, and miR-126 can repress the expression of IκBα (Jiang et al., 2012, Huang et al., 2014, Feng et al., 2012). (B) We simulated the dynamics of memory T cells for simultaneous modifying the values of two combined parameters. The number of memory T cells was determined at its steady state (t = 4000 h). Each parameter was perturbed within the interval (the estimated value × [0.1, 10]).
As shown in Figure 10B left column, directly increasing the expression of free NF-κB shows dominant effects on the upregulation of memory T cells for any combination with other parameters. However, this manipulation is experimentally difficult, as NF-κB is a protein complex and requires the presence of subunits and heterodimerization to be functional. Alternatively, it is experimentally achievable by manipulating the expression of NF-κB regulators. Simultaneously modulating the expression of IKKβ (upregulation) and IκBα (downregulation) can result in an effective increase of memory T cells (Figure 10B middle column). Modulating the expression of IκBα has stronger effects than modulating IKKβ. Compared to single modulation of the NF-κB regulators, the combined modulation increases the population of memory T cells by 80–120%. Modulating the levels of IκBα together with DC-secreted cytokines (IL-6 and IL-8) is also an effective regulation of memory T cells but shows different dynamics compared to the modulation of both NF-κB regulators (i.e., IKKβ and IκBα) (Figure 10B middle column). The cytokines are less influential than IκBα in regulating the T-cell response, as modulating IκBα directly affects the expression of free NF-κB that can regulate the expression of multiple cytokines and membrane proteins (i.e., IL-6, IL-8, IL-12, and CD70) involved in T-cell activation. When we manipulated the expression level of IKKβ with a cytokine, the effects on increasing memory T cells are mild (Figure 10B right column). When both cytokines were simultaneously modulated, the effect on increasing memory T cells is also limited. This is due to the reason that T-cell activation also depends on other proteins (i.e., IL-12 and CD70), and their unchanged levels act as a limiting factor in the increase of memory T cells. This is in line with findings in a biological model system examining CTL-priming and memory formation in the presence or absence of T-cell help, where it was shown that direct cell-cell contact was crucial and soluble factors were not sufficient (Hoyer et al., 2014). Taken together, the simulations predicted that combined manipulation of IκBα and cytokines is an efficient strategy for increasing memory T cells in experiments, and such manipulation shows better performance than manipulating the expression levels of only the NF-κB regulators or the cytokines.
DISCUSSION
Model derivation. In this work, we developed a multi-level model to study DC-based anti-cancer immunotherapy. The model considers three spatiotemporal, different but interlinked stages. The first stage models the bio-distribution of the intravenously injected maturated DCs into key organs of the human body including the lung, liver, and spleen. They are used as a representative immune organ to which DCs are trafficked. Except for intravenous injection, there are other clinical administrations of DC vaccine such as intra-lymph node injection and subcutaneous injection. However, from the physiological point of view, the immune response triggered by DCs may be similar (Mackensen et al., 1999). The rationale to include this mechanism was to achieve a precise quantitative description of how DCs get distributed between organs, how many DCs reach the spleen, and how long DCs remain in the spleen for stimulating CTL response (Ludewig et al., 2004, Eggert et al., 1999). The second stage of the model accounts for the intracellular processes responsible for the in vitro maturation of DCs. This activation is induced by the activation of signaling pathways through ligands like TNFα, IL-1β, or LPS. Then, matured DCs secret cytokines (such as IL-6, IL-8, and IL-12) that are involved in the stimulation of a CTL response. It was important to include this level in the model because our aim was to investigate computationally the effect of molecular modulation of key regulatory pathways. In the last stage, the model simulates interactions between DCs and naive spleen resident T cells. The equations used account for the differentiation of T cells into early effector cells and the transformation of T cells into either short-lived effector cells or memory cells. Specifically, we simulated the effect of tumor antigen presentation, key cytokines secretions, and surface protein markers expression in the interaction of DC and T cells, and therefore the molecular and cell-cell communication are interlinked in the model. The amount of memory T cells is used as an indicator of the effectiveness of the DC-based immunotherapy.
In the literature, there are serval models devoted to understanding DC-mediated T-cell response in the context of immune response or immunotherapy. Most of them have a focus on only the cell populations’ interactions and dynamics. For instance, Bianca et al. used ODEs to account for the different stages of the therapy including vaccination, immune cells, and tumor cells. The model includes the dynamics of both humoral and cellular immune responses to associated tumor antigens. The goal was to investigate different vaccination protocols using sensitivity analyses to improve treatment (Bianca et al., 2012). Ludewig et al. (2004) modeled DC distribution after vaccination to determine key parameters that control interactions between DCs and T cells. Furthermore, Serre et al. developed a mathematical model accounting for a cancer treatment combining immunotherapy with radiotherapy. The author used the model to simulate the primary and secondary (or memory) immune response induced by the combined therapy and proposed an optimal schedule for the therapy (Serre et al., 2016). By modeling the interactions between DCs with different types of T cells, Arabameri et al., (2018) showed an optimal configuration of DC vaccine to strengthen DC-T cell interactions, and therefore efficiently reducing tumor size. Castillo-Montiel et al. developed a model with delay differential equations to study cellular mechanisms of DC-based immunotherapy for melanoma. The authors showed the power of the model in reproducing data from experimental trials and predicting possible protocols to improve the immunotherapy while producing them in labs (Castillo-Montiel et al., 2015). Our model not only considers interactions between DCs and T cells but also the effect of signaling pathways governing the triggering of phenotypic changes in DCs, which underlie the efficacy of the CTL response. Such a multi-level model allows for the identification of molecular targets and other therapy parameters (such as vaccination schedules and DC dosage) that can be experimentally manipulated to improve the effectiveness of the therapy. In the future, the model can be expanded by considering the interactions between immune cells and tumor cells, such as the regulatory role of checkpoint proteins (e.g., CTLA-4 and PD-1) on T cell activation. This expansion will make the model suitable for studying the dynamics of immune-tumor interactions in the tumor microenvironment.
Model calibration. To calibrate the multi-level model, we used different data sets accounting for the three stages of the DC immunotherapy because in the literature, we could not find a single, comprehensive data set that measures the dynamics of all different aspects of the DC vaccination. Furthermore, obtaining new data for some of the processes in the model is currently very challenging due to ethical considerations. For example, the data on DC bio-distribution in humans utilized in the model could not be generated de novo with the current ethical rules, at least in Europe. An alternative is to calibrate the model utilizing mouse data, but we think the animal data could compromise the precision of cell dynamics such as the timing of DC bio-distribution. To circumvent these issues, we selected consistent data sets that represent the dynamics of the DC vaccination at different levels. In such a manner, the data complement each other to characterize the model at all scales.
While performing parameter optimization, we combined global and local optimization methods and fitted different parts of the model to the corresponding data set separately. This strategy is widely used by the community to deal with complex and large systems whose objective functions are usually multi-modal and non-convex (Villaverde et al., 2019). Alternatively, one can perform parameter optimization using a multi-starting strategy that locally searches for the parameter space from different starting points (Raue et al., 2013). However, such a strategy becomes time-consuming when a model contains many parameters because to ensure reasonable coverage of the parameter space by local searches, the number of starting points will increase exponentially. A solution for such an issue is utilizing parallel computing that can significantly increase the computation efficacy on a high-performance computing cluster (Penas et al., 2017).
The hybrid approach (i.e., global pattern search followed by a gradient-based method) for ensures that the cost function for parameter estimation is not trapped in local minima. The best parameter estimates with the minimum cost function were used to assess practical identifiability of estimated parameters. The analysis showed that a few parameters in the NF-κB pathway underlying DC maturation are practically unidentifiable. Such uncertainties are most likely due to the lack of experimental data and the small variances of the estimated parameter values imply limited impacts on their biological interpretations. More advanced methods are available for analyzing the practical identifiability of estimated parameters (Fröhlich et al., 2014). For instance, the profile likelihood approach perturbs the value of a parameter in a small interval while keeping the other parameters unchanged to draw a profile of the cost function. The shape of the profile is used to identify whether or not the parameter is identifiable (Flassig and Sundmacher, 2012). In a fully clinic-oriented setup for model calibration and to solve the practical identifiability issue of parameters, one can produce additional experimental data for parameter estimation, simplify the model by reducing parameters, or fix the values of unidentifiable parameters using prior knowledge (Villaverde et al., 2021).
Sensitivity analyses to detect key parameters and processes. We performed sensitivity analyses to identify model parameters that are crucial to biological processes. Such a method has been widely used to evaluate the influence of model parameters (e.g., kinetic rate constants) on model outputs (e.g., the steady states of model variables) (Zi, 2011, Nikolov et al., 2010). Depending on strategies used for perturbing model parameters, sensitivity analysis can be classified into local and global analysis. Local sensitivity analysis provides a description of the behavior near a specified operating condition, whereas global sensitivity analysis uses wide ranges of parameter spaces and addresses global behavior of model parameters using statistical methods (Frey and Patil, 2002). We used the Sobol method for performing sensitivity analysis, but there are other methods for computing sensitivity coefficients based on rank transforms (such as partial rank regression coefficient) that show better performance on nonlinear and non-monotonic models (Frey and Patil, 2002). Using both local and global sensitivity analysis, our data showed consistent results in identifying sensitive parameters for affecting the population of memory T cells, implying the significant impact of the corresponding molecules on CTL responses. The results indicated that intracellular or intercellular processes (i.e., DC bio-distribution or DC-T cell interaction) influence the efficacy of DC vaccination at inducing memory T cells. Since others investigated cell-cell interactions (see (DePillis et al., 2013) for example.), we focused on the wiring of the intracellular DC circuits. The simulations suggested that the activity of several proteins belonging to the network can affect the therapy effectiveness in terms of memory T cell induction.
Predictive model simulations. Our simulations showed that the perturbation of NF-κB and its regulators (i.e., IKKβ and IκBα) have a strong impact on the population of memory T cells. This suggested that enhanced and long-lasting activation of the NF-κB pathway is particularly effective in improving the immunogenic potency of DCs. Since our model accounts for the effect of known negative feedback loops regulating NF-κB activation, the model predictions point to strategies that can help in circumventing the detrimental effect of these loops. However, only improving the population of effective T cells may not be enough to ensure the long-term survival of cancer patients, as T cell subsets and heterogeneity of T cell states in tumors also play a major role in mediating immunotherapy responses (Philip and Schietinger, 2021). In addition, we showed that the cytokines (i.e., IL-6 and IL-8), necessary for the efficient activation of T-cell responses, are also influential on the effectiveness for the DC immunotherapy. It is also worth noting that IL-12 is another important immunostimulatory cytokine and incorporation or endogenous induction of this cytokine is shown to consistently benefit DC-based immunotherapy (Brussel et al., 2012). Furthermore, the production of cytokines by DCs depends not only on the activation of the NF-κB pathway but also on the methods used for isolating human monocytes that can differentiate into DCs (Elkord et al., 2005).
In the current version of the model, the intracellular signaling module is centered on the activation of the NF-κB signaling pathway, which is known to be pivotal in the maturation and activation of DCs. However, other regulatory pathways also play an important role in DC vaccination, and these pathways can crosstalk with each other forming a large regulatory network (Lai et al., 2021). Including these pathways into an intracellular module requires access to time-series data of their activation in DCs. Alternatively, they could be transformed into a Boolean or multi-logic model reproducing the wiring of the network as shown by others in the context of cancer (Khan et al., 2017) and immunity (Saez-Rodriguez et al., 2007). One could also build a hybrid model by combining ODE and Boolean modeling. The ODE model accounts for the core regulatory circuit around NF-κB and the Boolean model for genes and signaling proteins not belonging to the core circuit (Khan et al., 2014). Similarly, one could add spatial details into the interactions between DCs and T cells in the spleen. To do so, one has to develop models in partial differential equations or use agent-based models. Both types of models require detailed spatial information like the one provided by in vivo imaging. This is doable and has been implemented in mouse models for characterizing DC-T cell interactions in the lymph nodes (Celli et al., 2012).
Taken together, we demonstrated the potential of our multi-level model in tackling the complexity of DC-based immunotherapy and identifying potential molecules for improving its effectiveness. Besides, we believe such an approach is adaptable and applicable to optimize other cell-based cancer immunotherapies like CAR-T cells.
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Outcome

Blocks p73 transcriptional activity by competing with
p300/CBP binding without inducing proteolytic degradation
Stabilizes p73, promotes conformational change of p73 and
enhances its proapoptotic activity

p73-coactivator, potentiates p300-mediated

acetylation of p73 and promotes stabilization by displacing Itch
binding to p73

Ubiquitination of p73 and subsequently promoting its
proteasome-dependent degradation

Promotes the proteasome-dependent degradation of p73

Stabilizes p73 but together with SUMO-1 decreases functional
activation of p73 by sumoylation
c-Abl-mediated phosphorylation of p73 induces
p300-mediated acetylation, enhances interaction between Pint
and p73 and therefore increases its stability and transcriptional
as well as proapoptotic activity
Promotes polyubiquitination of p73, stabilizes and enhances its
transcriptional activity
JNK-mediated phosphorylation of p73 promotes its
stabilization, p300-mediated acetylation and transcriptional
activity
Stabilizes p73 by inhibiting its polyubiquitination, enhances
ional activation and ctivity of p73
activity of p73 by phospl ion of

Inhibits
Thrge
Inhibits transcriptional and apoptotic activity of p73 by
phosphorylation

Stabilizes cytoplasmic p73, inhibits transcriptional and
apoptotic activity of p73

Inhibits p73 transcriptional and apoptotic activity

Stabilizes p73 by acetylation at Lys321, Lys327, and Lys331,
enhances p73 transcriptional and apoptotic activity

Inhibits transcriptional and apoptotic activity of p73

Enhances the transcriptional activity of p73

Relocalizes p73 to the cytoplasm, inhibits transcriptional and
apoptotic activity of p73

Tumor-suppressor; relocalizes p73 to the cytoplasm, inhibits
the transcriptional activity of p73, p73 increases proapoptotic
activity of Wiwox

Selectively enhances proapoptotic function of p73

Blocks MDM2-mediated transcriptional repression of p73 and
led to the activation of p73

Selectively enhances transcriptional and growth-suppressing
activity of p73

Stabilizes p73 by inhibiting its ubiquitination; enhances its
transcriptional and proapoptotic activity

“Tumor-suppressor; inhibits transcriptional activity of p73
Selectively inhibits the transacriptional and proapoptotic activity
of p73

Inhibits transcriptional and proapoptotic activity of p73

Inhibits the sequence-specific DNA-binding activity of p73
Decreases expression of p73 and inhibits its transcriptional
activity

Enhances MDM?2 binding affinity to p73 and therefore inhibits its
transcriptional and proapoptotic activity

nd.

Forms a complex with DNp73, which directly activates
ANGPTI (angiogenesis and promoting tumor growth) and Tie2
(cell survival and proliferation) gene expression in tumor cells
Inactivates p73 transcriptional activity by promoting its
degradation

Is predicted to interact with p73 and thereby influencing miRNA
processing

Recruits p73 to E2F5 to selectively transactivate genes involved
in multiciliogenesis as well as p73 itself

Prevents Sp1 binding to target promoter and subsequently its
transcriptional activity

Inhibits p73 DNA binding and therefore inhibits its
transcriptional activity

Modulates p73 stability, alters TA/DNp73 ratio by promoting
preferential degradation of DNp73

TAp73 regulates SAC protein localization and activities,
deregulation of p73 can alter mitotic checkpoint abilities and
induce polyploidy

Deregulation of p73 can alter mitotic checkpoint abilities and
induce polyploidy

TAp73 but not DNp73 potentiates BubR1 activity, regulates
SAC protein localization and activities

p73 affects HIF-1a protein stability and subsequently
ubiquitin-dependent proteasomal degradation in an
oxygen-independent manner

Regulation of histone gene transcription

Inhibits transcriptional activity of p73

Enhances proteosomal degradation of TAp73a
Downreguiation of apoptotic targets and inhibition of
TAp73a-mediated apoptosis

Enhances the transcriptional activation of apoptotic genes
Ubiquitination of p73 and subsequently promoting its
proteasome-dependent degradation
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No. of patients 53
Follow-up (months) Mean 84
Median 98
Range 8-194
Age Mean 64
Median 68
Range 31-93
Breslow depth (thickness in mm) Mean 2.49
Median 1.75
Range 0.36-10
Location Extremities 20
Head/neck 3
Trunk 30
Ulceration Present 23
Absent 30
Histotype* SSM 40
NM 8
ALM 4
NOS 1
Sex Male 33
Female 20

*SSM, superficial spreading melanoma; NM, nodular melanoma; ALM, acral
lentiginous melanoma; NOS, not otherwise specified.
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No. of patients 44

Follow-up (months)* Mean 54
Median 32
Range 0-231
Age Mean 65
Median 68
Range 19-91
Breslow depth (thickness in mm)** Mean 4.71
Median 2.65
Range 0.7-17
Location** Extremities 15
Head/neck 7
Trunk 21
Ulceration** Present 24
Absent 19
Histotype™* SSM 20
NM 19
ALM
LMM b
NOS 2
Sex 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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Abbreviation

Cancer type

Number of JIGs associated
with poor prognosis

Number of JIGs associated
with favorable prognosis

Kidney renal clear cell carcinoma

Brain Lower Grade Glioma

Kidney renal papillary cell carcinoma
Pancreatic adenocarcinoma

Uveal Melanoma

Adrenocortical carcinoma

Mesothelioma

Bladder Urothelial Carcinoma

Liver hepatocellular carcinoma

Stomach adenocarcinoma

Uterine Corpus Endometrial Carcinoma
Lung adenocarcinoma

Acute Myeloid Leukemia

Skin Cutaneous Melanoma

Acute Myeloid Leukemia

Lung squamous cell carcinoma
Sarcoma

Kidney Chromophobe

Head and Neck squamous cell carcinoma
Cervical squamous cell carcinoma and endocervical adenocarcinoma
Breast invasive carcinoma

Thymoma

Ovarian serous cystadenocarcinoma
Thyroid carcinoma

Colon adenocarcinoma

Esophageal carcinoma

Glioblastoma multiforme
Pheochromocytoma and Paraganglioma
Prostate adenocarcinoma

Wilms Tumor

Rectum adenocarcinoma

Lymphoid Neoplasm Diffuse Large B-cell Lymphoma
Cholangiocarcinoma

Uterine Carcinosarcoma

Testicular Germ Cell Tumors

115
130
112
89
75
77
88
89
75
72
54
46
60
42
18
40
55
34
34
39
26
19
31
41
33
15
24
21
10
7
24
14
17
7
1

87
49
46
47
52
49
25
21
29
21
33
40
23
39
58
34
17
35
33
25
32
33
19
9
16
25
15
16
26
29
8
11
3
11
5
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