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Cancer stem cells (CSCs) represent a small fraction of the total cancer cell population, yet they are thought to drive disease propagation, therapy resistance and relapse. Like healthy stem cells, CSCs possess the ability to self-renew and differentiate. These stemness phenotypes of CSCs rely on multiple molecular cues, including signaling pathways (for example, WNT, Notch and Hedgehog), cell surface molecules that interact with cellular niche components, and microenvironmental interactions with immune cells. Despite the importance of understanding CSC biology, our knowledge of how neighboring immune and tumor cell populations collectively shape CSC stemness is incomplete. Here, we provide a systems biology perspective on the crucial roles of cellular population identification and dissection of cell regulatory states. By reviewing state-of-the-art single-cell technologies, we show how innovative systems-based analysis enables a deeper understanding of the stemness of the tumor niche and the influence of intratumoral cancer cell and immune cell compositions. We also summarize strategies for refining CSC systems biology, and the potential role of this approach in the development of improved anticancer treatments. Because CSCs are amenable to cellular transitions, we envision how systems pharmacology can become a major engine for discovery of novel targets and drug candidates that can modulate state transitions for tumor cell reprogramming. Our aim is to provide deeper insights into cancer stemness from a systems perspective. We believe this approach has great potential to guide the development of more effective personalized cancer therapies that can prevent CSC-mediated relapse.
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INTRODUCTION
In cancer, a gain of stemness can have profound implications on tumor aggressiveness, drug response and clinical outcome (Figure 1A). Here, we provide a systems biology overview of how the immune cell niche, cellular contexts, and molecular or genetic perturbations contribute to stem cell-like properties of malignant cells. We start by describing the sources of tumor heterogeneity and defining the cellular niche as a dynamic spatial domain harboring cancer stem cells (CSCs). We then elaborate on how this cellular niche is critical for communication between cell populations and move through the biological pathways endowing these stemness properties. We outline how systems biology approaches present an important strategy for identifying the crosstalk between immune cells, the bulk cancer, and CSCs. Finally, we discuss how these systems biology approaches open new avenues to dissect and manipulate cellular states and niches to impact cancer progression.
[image: Figure 1]FIGURE 1 | The cellular niche sustains the phenotypically diversity of cancer stem cells. (A) CSCs play fundamental roles in cancer, including contributing to tumor heterogeneity, and immune evasion, promoting migration and recurrence, and driving chemoresistance. (B) The CSC niche is supported by the tumor components, stroma, immune infiltrate, and tumor microenvironment. (C) Cell-cell interactions define spatial cancer niches and contribute to the phenotypically diversity of CSCs and cellular heterogeneity. (D) CSC phenotypic states are modulated by an array of factors, including intrinsic factors like WNT and TGFB pathway activation, cell-cell interactions, cellular plasticity, and the cellular niche. Figure created with BioRender.com.
SOURCES OF TUMOR HETEROGENEITY
Tumor complexity not only arises from the intrinsic diversity of the tumor cells themselves, but also from their interactions with other non-tumor cell types. The intratumoral heterogeneity of the cancer cells arises through mechanisms such as genomic instability, clonal evolution, cellular differentiation, and reversible plasticity. These contributions have been well studied, but most analyses fail to systematically characterize the contributions of other cells to cancer cell heterogeneity. Immune cells, which are also part of the tumor niche, present over 350 CD (cluster of differentiation) antigens, secrete close to 100 cytokines and chemokines, and belong to subtypes that express thousands of unique gene signatures (Davis et al., 2017). These immune cells, as well as other non-malignant stromal cells, co-exist with cancer cells, thus creating complex biological entities. Moreover, these stromal cells interact with and shape the evolution of the cancer cell populations (Figure 1B).
From a systems biology perspective, the contribution of each source of heterogeneity can be understood by dissecting cell populations, cellular niches, niche dynamics and the crosstalk between them. This will ultimately help devise disease spatial resolution maps that shed light on mechanisms of cancer progression and drug resistance. Such complex systems exhibit emergent properties that are not just the aggregation of unconnected individual behaviors, but are instead unique phenomena that reflect synergy in interactions between cells. The scientific discipline of systems biology aims to provide a quantitative and dynamic framework that leverages mathematical and computational techniques to unravel the complexity of cellular processes. This approach is applied with the view that a holistic view of systems will not only inform how a gene connects to a protein and an activity, but also help elucidate how a cellular phenotype is contingent on the biological context (where and when) (Kirschner, 2005). As such, systems biology approaches have the power to dissect the interplay between tumor and immune cells to characterize higher order properties and systems interconnectivity. For example, interrelationships between ligands and receptors have been an active area of research where a variety of system methodologies have been applied to define ligand/receptor co-expression, formation of multimeric complexes and cellular activity (see section entitled Probing the cellular niche: Technological advances). The large breadth of ‘omics data now available is enabling systems approaches to give new insights. Here, we will highlight the potential of systems biology to dissect the determinants of cancer stemness present in the cellular niche.
STEMNESS OF CANCER CELLS
Stemness, defined as the potential for self-renewal and differentiation from the cell of origin, was originally attributed to normal embryonic stem cells that give rise to all cells in adult organisms. However, it has long been known that cancer cells show markers and properties of embryonic stem cells (Friedmann-Morvinski and Verma, 2014). Cancer progression often involves the gradual loss of a differentiated phenotype and acquisition of progenitor or stem cell-like features. Undifferentiated primary tumors are more likely to result in metastasis to distant organs, causing disease progression and poor prognosis, as well as resistance to available therapies. Within a tumor, phenotypic diversity and spatial cellular variation may also impact expression of key embryonic stem cell regulators, resulting in distinct paths to cancer stemness (Figure 1C).
SYSTEMS BIOLOGY AND CANCER STEM CELL STATES
Dedifferentiation of Cancer Cells
Although CSCs exhibit the stem cell-like properties of self-renewal and differentiation, they do not necessarily originate from the transformation of normal tissue adult stem cells (Friedmann-Morvinski and Verma, 2014). Oncogenic hits initiating malignant transformation may over time lead to a more dedifferentiated state and contribute to tumor cell heterogeneity. For instance, reverse engineered gene regulatory networks (GRNs) reconstructed by methods such as mode-of-action by network identification (MNI) approach, were used in our earlier studies and allowed the identification of HOXA1 as a key modulator capable of reversal phenotypes in breast cancer (Brock et al., 2014). Such inducibility of tumor plasticity suggests that CSCs do not necessarily originate from normal stem cells. Instead, under certain circumstances, cancer cells can dedifferentiate and acquire cancer stem cell (CSC)-like properties (Lyssiotis and Kimmelman, 2017). Here, the microenvironment of a tumor provides ample molecular cues and opportunities for cell-to-cell signaling to modulate the epigenome and phenotypic stem cell-like programs in cancer cells, frequently independent of their genetic backgrounds (Figures 1C,D) (Gingold et al., 2016). A variety of systems biology approaches, which are able to dissect transcriptional programs in various cellular states (Huggins et al., 2017; Luke et al., 2019), can also be used to understand CSCs (Figure 2). For instance, CellNet (Cahan et al., 2014) can reverse engineer GRNs to find transcription factors that are crucial in cell state maintenance. Others, like ARACNe (Basso et al., 2005) and VIPER (Alvarez et al., 2016), utilize GRN reverse engineering approaches to enrich for cellular regulons and identify regulatory genes that determine specific biological conditions. As an example, a set of systems biology tools developed in our lab have the potential to provide deeper look into CSC biology. For example, NetDecoder (da Rocha et al., 2016) builds a context specific network based on prior biological knowledge and enables genome-wide modeling of signal flows to extract genes that are critical under a specific biological context. Alternatively, Machine Learning Assisted Network Inference (MALANI) (Ghanat Bari et al., 2017), a machine learning-based method, creates de novo biological networks and has the ability to extract “dark genes” that are neither differentially expressed nor mutated but can play important roles in CSCs’ stemness. Moreover, Regulostat Inferelator (RSI) (Ung et al., 2019) searches for gene pairs that act like biological rheostats and can modulate phenotypic transitions in cancer cells, for example, the acquisition of stemness properties.
[image: Figure 2]FIGURE 2 | Cancer stem cell systems biology—Novel insights gained by integrated analyses. Overview of breadth of high-throughput technologies and tools to characterize the cross talk between CSCs, immune and tumor cells in a cellular niche. The niche cell subsets can be probed, for example, using bulk and single cell RNA-seq or cytometry by time-of-flight (CyTOF). CITE-Seq, STARmap and IMC (imaging cytometry) can spatially probe the cellular niche. A variety of systems tools provide a framework to interrogate signaling pathways, derive regulatory TF networks and understand the diversity of CSC phenotypes and their niches. Figure created with BioRender.com.
WNT-β-Catenin Signaling and Stem Cell-like Phenotype in CSCs
Canonical WNT is a major pathway that regulates CSCs and induces stemness in several cancers (Vermeulen et al., 2010; Nguyen et al., 2019). The hallmark of this pathway is the activation of β-catenin-mediated transcriptional activity. WNT canonical pathway signaling is initiated by the binding of a WNT family protein to cell surface receptors to activate signal transduction (Kalbasi and Ribas, 2020; Yang et al., 2016). In the presence of WNT ligand, β-catenin evades proteasomal degradation, translocates to nuclei and activates transcription. This has several consequences for the CSC niche: 1) Increased phenotypic heterogeneity, 2) spatial diversity, and 3) impact on de novo immune response (Holtzhausen et al., 2015; Spranger et al., 2015; Luke et al., 2019) [for review see (Galluzzi et al., 2019)]. In particular, heterogenous activity of WNT has been observed in colon cancer, with high activity seen in regions close to stromal components (Vermeulen et al., 2010) (Figure 1D). Moreover, WNT-β-catenin pathway activation has been associated with immune exclusion of dendritic cells (DC) and T-cells from melanomas (Spranger et al., 2015; Spranger and Gajewski, 2015) and other cancers (Luke et al., 2019). With a reduction of CXCL9/10, CCL4 and other chemokines, recruitment of DCs and cross-priming of effector T cells in tumors is limited (Spranger et al., 2017). Further, DCs are re-wired to a regulatory state that is immune tolerant (Hall et al., 2011).
While WNT signaling in tumor cells is associated with a worse outcome, WNT signaling in the lymphoid compartment appears to modulate anti-tumor responses. In particular the WNT-β-catenin pathway regulates TCF1, a transcriptional factor that plays a critical role in T cell differentiation. TCF1 acts by biasing the differentiation of naïve T cell to CD4+ T helper subsets (Th1, Th2, and Th17). Moreover, WNT-β-catenin signaling promotes the generation of memory T cells, whereas the expansion of naïve CD8+ T cells and differentiation of effector T cells are inhibited (van de Wetering et al., 1991; Bienz and Clevers, 2003; Luke et al., 2019) [See review (Wang B et al., 2018) for in depth description]. This and additional observations support the pursuit of WNT inhibitors and combinatorial targeting of the WNT-β-catenin pathway to improve clinical outcomes of patients to overcome primary, adaptive, and acquired resistance to immunotherapy (Wang B et al., 2018; Zhang et al., 2020). However, as suggested by Wang B et al. (2018), it remains to be determined whether this strategy can be translated into the clinical practice to ultimately help devise better individualized immunotherapy treatments for cancer patients.
Systems biology approaches are also used to interrogate signaling and phenotypical programs that sustain cancer stemness (Figure 2). For instance, Pinto et al. (2015) collected 132 stemness signatures using publicly available gene expression datasets, RNAi screen results, and Transcription Factor (TF) binding site data to generate an interactive web-based server (StemChecker) that reports the overlap of input genes with stem cell signatures and the targets of transcription factors. Conversely, Malta el al. used a variety of normal stem cells with one-class regression machine learning to extract stem signatures, which they then used to infer a stemness score in many cancers (Malta et al., 2018). These studies showed that WNT and TGFB signaling pathways act in a different range in CSCs compared to non-neoplastic stem cells.
In poorly differentiated tumors, overexpression of key embryonic stem cell regulators (e.g., NANOG, OCT4, SOX2, c-MYC) (Malta et al., 2018) was observed to correlate with poorer outcomes. Further analysis also indicated that dedifferentiation features are associated with 1) mutations in genes that encode oncogenes and epigenetic modifiers, 2) perturbations in specific mRNA/miRNA transcriptional networks, and 3) deregulation of signaling pathways (Malta et al., 2018). Overall, these observations highlight the need to consider the CSC niche as distinct from normal stem cell niches. For this reason, future analysis must take into account the co-existence of diverse cell states and embrace dedifferentiation as a path to cancer stemness.
PROMISE OF PROBING THE CELLULAR NICHE
Tumor Microenvironment
The tumor microenvironment is the ecosystem that surrounds tumor cells inside the body. It includes a variety of cell types, including immune cells, stromal cells, adipocytes, fibroblasts, and vascular cells, as well as extracellular vesicles (EVs), extracellular matrix and molecules produced and released by all of these cell types. These TME components are not just bystanders in the tumorigenic process, but instead play a decisive role in tumor differentiation, epigenetics, dissemination, immune evasion, and drug resistance (Labani-Motlagh et al., 2020). In particular, the cross-talk between tumor cells and cells in the TME fuels and shapes tumor progression, giving rise to dynamic and complex ecosystems in both primary and metastatic sites.
Because most cancer deaths result from the development of distant metastasis, it is important to decode the dynamic interactions between cancer cells and the TME in individual sites during tumor development, progression, and response to therapy. For example, metastatic cells can differ from neoplastic cells at the primary site in key ways as they adapt to the unique metabolic conditions in the metastatic site (e.g., Ferraro et al., 2021), acquire mutations, evolve independently, and persist despite exposure to therapy. However, our ability to infer the cell-cell communications and investigate cellular plasticity in metastases is limited by the often simplistic models or is built on knowledge gained from the primary tumor. Therefore, developing models that focus on investigating the immune and transcriptional landscapes as well as cellular cross-talk by screening distant metastasis will help to better characterize dormant micro-metastases and identify new therapies to target metastatic tumors.
In current studies designed to understand the role of TME in the transition of ductal carcinoma in situ (DCIS) to invasive breast cancer (IBC) and progressive disease, Risom et al. used a multicompartmental analysis to compare functional biological states during tumor progression. Tumor invasiveness was correlated with a higher number of cancer associated fibroblasts (CAFs) and density of fibrillar collagen, a shift from monocytes to antigen presenting cells (APCs) and intraductal macrophages, and increased density of T and B cells in stromal compartments. These findings highlight a model in breast cancer (BC) where invasiveness occurs through the dynamic interactions with surrounding stroma and immune cells with the epithelial compartment of the tumor (Risom et al., 2022). Further, in a recent clinical trial (Hurvitz et al., 2020), BC patients were randomized to receive three distinct anti-HER2 treatments (trastuzumab, lapatinib, trastuzumab + lapatinib) followed by six cycles of standard combination chemotherapy along with the same anti-HER2 therapy. Serial analysis of the pre- and post- treatment demonstrated an increase of immune and stromal signatures after HER2 targeted-therapy alone but decreasing strengths of these signatures after addition of chemotherapy to the HER2 targeted-therapy. In particular, there was a reduction of M1 macrophages and increase in CD8+ T cells (Hurvitz et al., 2020). Collectively, these findings support the view that the TME changes over time, highlighting the possibility that factors converge to select the most adaptable tumorigenic cells and ecological environments for the tumor to thrive and reach its metastatic potential.
As a result of metabolic differences from site to site (Ferraro et al., 2021), as well as likely differences in cell types and cellular products, the TME is increasingly viewed as a highly heterogenous milieu that varies across tumor sites or so-called niches (spatial heterogeneity). This complexity needs to be considered at a systems level to design better therapeutic options for cancer patients. For example, the identification of the tumor dominant immune evasion mechanism within the TME can inform on the best patient therapeutic approach (Sanmamed and Chen, 2018). On the other hand, tumor stiffness can dictate a drug’s ability to reach the tumor (Olive et al., 2009). Clinically, a major challenge to understanding the TME is the limited ability to capture sequential tissue samples from cancer patients. However, recent advances in three-dimensional (3D) platforms like organ on a chip and microfluidic devices, as well as the development of humanized mouse models or explant 3D cultures model (patient- or mouse-derived tumor spheroids) (Sanmamed and Chen, 2014; Zitvogel et al., 2016; Jenkins et al., 2018; Vunjak-Novakovic et al., 2021), can provide an excellent opportunity to bridge this gap. Collectively, these tools have been developed with the view that a better understanding of the interplay of bi-directional communication between the tumor and TME, and CSCs will help identify improved cancer therapies.
The Cellular Niche and Tumor Microenvironment
The term “niche” is commonly used to describe an anatomically distinct regions within a tissue (or tumor). This description, however, fails to capture the interactions with surrounding cell populations and microenvironmental cues. Instead, a niche might be more properly viewed as a spatiotemporal dynamic state that is modulated by external perturbations to induce a permissive tumorigenic environment. Because tumor cells, stroma and immune cells are crucial determinants of malignant growth (Visvader, 2011; Plaks et al., 2015), understanding how a cellular niche responds to each cell type in the TME is crucial for successful therapeutic targeting. In particular, cell-cell communication mediated by surface receptor-ligand interactions is an attractive process for pharmacological intervention. Accordingly, more needs to be known about this cell-cell communication. Moreover, immune cells are known to rewire in response to external stimuli arising from physical interactions with neighboring cells and secreted ligands. The resulting communication between tumor and immune cells impacts tissue homeostasis and disease progression. For example, in high-grade serous ovarian cancer (HGSOC), cancer cell progenitors have been found to migrate from the fallopian tube to more distal locations where the cellular niche allows for phenotypic shifting and propagation (Ng and Barker, 2015). In this way the cellular niche is intimately tied to cancer stemness and vice versa (Figure 1B–D).
Highly Dynamic Cellular States and CSCs
During tumor evolution, it appears that tumor cell-extrinsic factors (the TME) as well as tumor cell-intrinsic factors (e.g., epigenomic changes) influence cellular states. Recently, Marjanovic et al. (2020) and LaFave et al. (2020) showed that a diverse and continuous range of states exist in a model of lung cancer progression. These co-existing states, which captured lineage infidelity and cellular plasticity, exhibited features of drastically different cell types, suggesting the ability of cancers to explore a broad phenotypic space. Although some of the cells in these lung cancers resemble stem cells and CSCs in their ability for robust growth and differentiation potential, their phenotypic programs are distinct (LaFave et al., 2020). Thus, a key step to better understanding CSCs is to thoroughly characterize their transcriptional states and ability to switch between CSC and non-CSC states.
PROBING THE CELLULAR NICHE: TECHNOLOGICAL ADVANCES
A challenge with CSCs is that only a small number of stem cell markers have been identified. This limited set of markers reflects the small proportion of CSCs generally present in tumors and the poor conservation of CSC surface markers across cancers. Therefore, from a systems perspective, an ab initio approach is best for the identification of CSCs.
A diverse array of high-throughput technologies has been used to zoom in on CSCs and their niches within cancer patients. The oldest and most common modality is RNAseq. A limitation of traditional bulk RNAseq, however, is that it averages expression across thousands of cells within a sample. Because of this limitation, understanding and constructing regulatory networks for distinct types such as CSCs has been difficult with bulk RNAseq alone.
There is, however, precedent for studying distinct tumor components using bulk RNAseq. CIBERSORT (Newman et al., 2015) has been used extensively to computationally dissect immune cell populations from these bulk samples; and several methods exist for constructing tissue level networks. CIBERSORT uses a knowledge-based signature matrix that encapsulates major 22 functionally defined human hematopoietic subsets to deconvolute and infer cell composition from gene expression profile data, utilizing support vector machine (SVM) regression methods. This approach has played a key role in decoding immune cell population, particularly in bulk solid tumors where tissue dissociation protocols and cellular enrichment techniques limit the efficacy of single-cell methods and provide only a partial view of the wider cell heterogeneity. Extending this approach in a new direction, a groundbreaking study by Thorsson et al. used TCGA RNAseq data across 33 cancer types and more then 10,000 patients to identify signatures for six TME subtypes and demonstrate that these TME subtypes can be associated with prognosis as well as genetic and immune modulatory alterations (Thorsson et al., 2018). Reflecting the importance of the TME to tumor behavior, the TME subtypes identified by Thorsson et al. were reportedly able to predict disease outcomes and help guide novel treatments. More recently, Bagaev et al. derived 29 expression signatures to establish four TME subtypes (immune enriched fibrotic, immune enriched non-fibrotic, fibrotic and depleted) that correlate with immunotherapy efficacy in melanoma (Bagaev et al., 2021). As demonstrated by these studies, it is possible to use RNAseq to study a subpopulation of cells (e.g., immune cells or stromal cells) if the transcriptional profile is detectable and distinctive. However, given the rarity of CSCs, it has been difficult to study CSCs themselves using bulk RNAseq. Moreover, while publicly available multi-omics signatures from non-neoplastic stem cells were previously used to derive a stemness score in tumors (Malta et al., 2018) that can then be applied using deconvolutional methodologies to identify CSCs in bulk RNAseq, a key caveat is that CSCs do not necessarily share the same transcriptional programs as normal stem cells counterparts. Taking a different approach, Aran et al. probed the normal tissue adjacent to the tumor (NAT), which is morphologically similar but phenotypically different from the tumor and focused on stromal pathways to query the interaction between adjacent tissues (Aran et al., 2017). These authors uncovered NAT-specific characteristics, namely activation of pro-inflammatory immediate-early response genes concordant with endothelial cell stimulation. Furthermore, previous studies on breast NAT suggested that the microenvironment surrounding the tumor, not the epithelial cells, is essential for understanding disease recurrence and developing surgical strategies (Graham et al., 2011). These studies have shown that by zooming into the tumor niche and its adjacent boundaries we can acquire deeper understanding of cell-cell interplay and dissect the phenotypic states that sustain stemness.
With the advent of single-cell RNAseq (scRNA-seq), new avenues to investigate and quantify molecular features at single-cell resolution have emerged. Single-cell technologies have the ability to directly evaluate cell states, heterogeneity, and lineages (Saelens et al., 2019). However, more effort is required to provide understanding of cell-cell interactions as well as their co-evolution and adaptation to perturbations in the cellular milieu, which is needed for the construction of a comprehensive cellular interaction map (Elmentaite et al., 2019). Current efforts to build a human body atlas (Regev et al., 2017) will provide important information on the baseline stromal, tumor and immune tissue heterogeneity. Tissue specificity is particularly important in immune cells because they both circulate and remain tissue resident; profiling of both populations can enhance understanding of which cells are recruited to become part of the TME. Despite the promise of scRNA-seq, it also has a key limitation: Enrichment and dissociation strategies that are used to separate single cells for profiling and capture cells of interest disrupt tissue organization and result in loss of spatial information (Elmentaite et al., 2019).
Single-cell computational frameworks have thus far focused in dissecting the ligand-receptor interactome based on expression of ligands and receptors across cell populations. The various computational frameworks take different approaches (Zhou et al., 2017; Cohen et al., 2018; Kumar et al., 2018). CellPhoneDB (Efremova et al., 2020) uses scRNA-seq to decode intercellular communication networks by inferring multimeric ligand-receptor interactions between cell states based on expression of a receptor by one cell state and a ligand by another cell state. By assessing which structural complexes are ubiquitously expressed in a tissue and not varied between cellular states, ligand-receptor cell specificity is assured. Because multi-subunit heteromeric complexes often swap subunits to ensure ligand specificity, expression of all subunits of a functional complex is required for downstream signaling. Vento-Tormo first applied CellPhoneDB to the study of early human pregnancy and interaction between fetal and maternal cells with a focus on trophoblast-decidua interactions that underlie common diseases of pregnancy such as pre-eclampsia and still births (Vento-Tormo et al., 2018). The authors uncovered receptor-ligand complexes that can modulate trophoblast differentiation. Moreover, they identified an association between three major decidual natural killer (NK) cell populations, their cell markers, and their expression of cytokines, chemokines and receptors, with different reproductive outcomes, providing a cell atlas to understand normal and pathological pregnancies (Vento-Tormo et al., 2018). In the context of CSCs, such a strategy could potentially be applied to dissect receptor-ligand interactions that help sustain stemness if achievable scRNA-seq resolution allows for the reliable identification of CSCs.
Using RNA velocity measurements that predict the fate of cell populations (splicing and non-splicing ratio) and provide a measure of stemness, we can potentially identify CSCs in a non-biased manner. Such strategy is particularly attractive when we consider the potential heterogeneity of the CSC compartment. This strategy was employed by Gautam et al. (2021) to generate a multispecies cell roadmap for human and porcupine ocular compartments. The ability to use organoids and enrich for stem cell like progenitors offers new possibilities to further decode CSCs.
Boisset et al. have manually microdissected 727 mouse interacting cellular structures and used scRNA-seq to create an interacting cellular network (Boisset et al., 2018). Using permutations, they have created a null distribution of random interactions between cell populations that permits identification of enriched or depleted interactions as compared to the background model. More recently, the authors of NicheNet have assembled prior knowledge on ligand-receptors and their signaling pathways using public resources and used expression datasets to generate weighted networks with regulatory scores that infer activity (Browaeys et al., 2020). Overall, these studies provide immense insight into the cell-cell interactome, but these studies all make several key assumptions: 1) That transcripts encoding receptors are translated into proteins that are translocated to the membrane, 2) that ligands are successfully transported out of the cells, and 3) that cells are in proximity with interacting partners in tissue space (Elmentaite et al., 2019). These approaches are now starting to be applied to extremely rare populations such as CSCs and yield great promise to depict their secretome.
Mass cytometry (cytometry by time-of-flight, CyTOF) has revolutionized human immune cell profiling by allowing the simultaneous measurement of >40 surface markers on a single-cell basis (Bracci et al., 2020). CyTOF is particularly valuable when analyzing samples with a limited number of cells such as tumor biopsies, longitudinal studies or response to therapy, e.g., in clinical trials (Gadalla et al., 2019). The high degree of multiplexing in the CyTOF is possible because antibodies are coupled to rare metal isotopes that provide a unique mass tag to each marker to overcome spectral overlap commonly observed in multiparameter flow cytometry. Recently, Gallad et al. validated CyTOF panel data against flow cytometry and demonstrated equivalent ability to identify cell subsets or perform phenotyping, but with smaller cell numbers (Gadalla et al., 2019). CyTOF barcoding strategies enable the marking cells from separate samples, which allows for the simultaneous measurement of multiple samples, thus eliminating multiple sources of sample-to-sample variability (Behbehani et al., 2014). CyTOF has been applied to characterize CSCs specifically in leukemias and lymphomas; however, this requires a priori knowledge of the proteins at the cell surface and available antibodies amenable to conjugation. More recent studies have used CyTOF in combination with CITE-Seq (cellular indexing of transcriptomes and epitopes by sequencing), thus creating a multimodal approach with simultaneous quantification of single-cell transcriptomes and surface proteins. For example, Yao et al. have demonstrated that B cell, monocyte/macrophage, and plasmacytoid dendritic cell abundance across three methods (scRNA-seq, CyTOF and CITE-Seq) is consistent, but T cell measurements have greater variability. Additionally, this trimodal analysis indicates that there is a good correlation across scRNA-seq and protein expression for highly expressed cell type markers (Yao et al., 2020). Because these three single-cell approaches enable the simultaneous identification of cell types, cell states and characterization of cellular heterogeneity at transcriptomic and/or protein levels, understanding the concordance of the measurements among these three modalities is of great interest. Collectively, these observations suggest that the of use multimodal omic datasets can open new avenues to dissect CSC-immune cell interactions.
A major limitation of these single-cell techniques is the lack of spatial transcriptomic information that is key for understanding the CSC niche. 3D intact-tissue RNA sequencing methods exemplified by STARmap allow for mapping of more than 1,000 genes in sections of mouse brain to define cell types and establish a roadmap for cell organization principles (Wang X et al., 2018). Alternatively, imaging cytometry (IMC) is emerging as a transformative technique that allows for multiparametric analysis of >40 protein markers in frozen and FFPE (formalin-fixed, paraffin-embedded) tissue samples (Chang et al., 2017; Bouzekri et al., 2019). IMC provides a unique window into structural features of the tissue under investigation, validates spatial ligand-receptor interactions and identifies the distribution of cell types within the tissue to build a spatial map (Bodenmiller, 2016). In breast cancer, for example, clear differences have been noted in markers like cytokeratin, HER2, E-cadherin and c-MYC within single tumors, highlighting the intra- and interpatient heterogeneity that can be captured with IMC (Giesen et al., 2014; Wagner et al., 2019). As a result, IMC has the ability identify each cell type in its environmental cellular context, thereby providing a unique spatially resolved view of the tissue and allowing more accurate inference of cellular functional states. The downside is that this approach is not yet suitable for high-throughput screening of ligand-receptor interactions due the limited scanned tissue area (1 μm), high sample cost, and paucity of computational platforms available for data analyses. Bodenmiller et al. have developed multivariate computational tools to visualize and analyze multiplexed images of human tissue sections generated by IMC (Schapiro et al., 2017). Another platform recently proposed by Greenald et al. utilizes a library containing a large collection of manually curated cells, TissueNet (one million cells from six organs and different imaging platforms) and a deep learning model to achieve human-like cell and nuclear segmentation (Greenwald et al., 2021).
Future IMC studies focusing on a well-defined tissue sections that can be layered with ‘omic information will be of great interest for dissecting the interplay of between cell populations (Bodenmiller, 2016). Whether IMC layered with ‘omic data can also inform studies of rare cells such as CSCs remains to be seen.
FUTURE DIRECTIONS IN MANIPULATING THE CANCER STEM CELL NICHE
Biological Perturbations to Modulate the Cellular Niche
A systems biology strategy to decode mechanisms underlying CSC cell fate decisions involves challenging stemness regulatory networks with external experimental perturbations. Upon acquisition of unimodal and bimodal single cell omics or matched multi-omics, cell fate control decisions can be inspected to define robust cell states and novel regulators that control stemness transitions. Experimentally, this can be achieved using RNAi knockdown and CRISPR-based knockout experiments. High throughput methods that generate large perturbation datasets like the Connectivity Map (CMAP) are limited in their biological contexts (Lamb et al., 2006; Bush et al., 2017; Ye et al., 2018). Conversely, Perturb-Seq combines pooled perturbation screens with scRNA-seq and cellular readouts to assay many cells within a mixed culture (Dixit et al., 2016). MIX-Seq, a more recent approach, provides the ability to pool hundreds of cancer cell lines and co-treat them with one or more perturbations, simultaneously profile the cells’ readout using scRNAseq, and resolve the identity of each cell based on single-nucleotide polymorphism (SNP) profiles (McFarland et al., 2020). Application of these exciting new approaches will undoubtedly expand current understanding of how genetic and phenotypic perturbations impact cells in different contexts, providing new tools that can potentially be applied to CSCs and their cellular niche.
SYSTEMS ‘OMICS INTEGRATION
With the sea of available ‘omic data, there is an urgent need for multi-omic data integration to provide systems-level information. Clustering of multi-omics has been implemented at various steps in the data analysis pipeline (e.g., early vs. late integration) [see reviews (Ramazzotti et al., 2018; Rappoport and Shamir, 2018)]. A drawback to all these strategies is that all data are treated equally, which may not reflect the biology of a disease (Ramazzotti et al., 2018). Recently, Stuart el al. suggested harmonizing single cell data across distinct modalities by selecting anchors (a common set of features) between datasets to recover matching cell states (Stuart et al., 2019; Stuart and Satija, 2019). A second key challenge is that some methods implicitly assume that data heterogeneity arises mostly from technical variation and is of no biological importance. To overcome this limitation, LIGER (linked inference of genomic experimental relationships) uses integrative non-negative matrix factorization (iNMF) for data reduction combined with joint clustering to define a cell label and assemble a neighborhood graph (Welch et al., 2019). Gao et al. have subsequently expanded LIGER capabilities to iteratively incorporate multiple data modalities and massive datasets (Gao et al., 2021). Overall, these strategies recover cell states but do not zoom in deep enough to capture the interplay between cells or levels of ‘omic data.
To dissect the cellular niches, future strategies will need to integrate ‘omic data in a way that achieves a better understanding of cellular states and their contributions to the diversity of CSC phenotypes. Such innovations will be key if we are to design novel therapeutic strategies that can disrupt key cell-cell communications and lead to the demise of CSC populations.
POPULATION DYNAMICS
Single cell experiments allow the study of tumors and their heterogenous cell populations that often coexist in an evolutionary continuum. Pseudotime trajectory methods (also known as trajectory inference methods) (Trapnell et al., 2014; Haghverdi et al., 2016; Setty et al., 2016; Saelens et al., 2019; Wolf et al., 2019) allow for the placement of cell populations within a trajectory based on their expression profiles. Because most single cell datasets are static and represent a unique snapshot in time, these cellular trajectories represent more a cellular states axis rather than real time, while encapsulating information from past and present. A challenge with the current pseudotime methodologies is that multiple dynamics can lead to the same cellular “state.” For example, cellular fate decisions such as cell death, proliferation, or differentiation can result from multiple causes. In order to understand the origin of these fates, we need to know the directionality of the biological process. Our ability to merge several biological snapshots in time, for example, from time series data, can help to decode the range of “real” existing states. Otherwise, the exploration of cellular states is currently being addressed in the field using dynamic inference methods. For example, Weinreb et al. used a dynamic inference framework named population balance analysis (Weinreb et al., 2018) that aims to limit the state search space by introducing biophysical constrains (cell density) to define cellular states. Conversely, Fischer et al. (2019) used RNA velocity information (spliced to unspliced ratio) as a mean to provide directionality to cellular trajectories. RNA velocity provides a measure of a cell’s internal compass (La Manno et al., 2018; Bergen et al., 2021) by quantifying nascent and mature messenger RNA. Here, we can also use matched multi-omic data integration (scRNA-seq and scATAC-seq) to identify key biological entities in each cell population and constrain the range of truly available cellular states to infer cell population dynamics. Future integration of multi-modal omics with spatial information derived from IMC will help to increase our spaciotemporal resolution, infer more accurate cell relatedness measures, and tackle key questions such as the extent of diversity of the CSC niche and which candidate targets are promising to reduce or re-wire CSC populations.
CANCER STEM CELL SYSTEMS BIOLOGY—EMERGING INSIGHTS INTO CSC STEMNESS
Figure 2 summarizes representative systems biology approaches that can decipher stemness of CSCs. Current and new technological advances are essential to probe different layers of CSC regulation. Moreover, there is an urgent need for deep cell phenotyping using insights gained from integration of available systems approaches. Cell subsets can be investigated for in silico isolation of CSCs and used to explore the degrees of stemness defined by the combined actions of signaling pathway activities, cell-cell interactions, and TF regulatory networks to formulate phenotypic recipes that drive cellular states. To mirror the fact that CSCs are exposed to a myriad of cellular environmental stimuli, perturbation experiments open the possibly to study the impact of genetic changes, zoom into cellular rewiring, and identify cellular vulnerabilities. A combination of these approaches may overcome current limitations in targeting CSCs and allow the identification of novel targetable genes.
FUTURE IMPACT ON INDIVIDUALIZED MEDICINE
In summary, CSCs reside in tumor ecosystems composed of a plethora of cell types communicating in ways that drive cellular phenotypes. Therapeutics that target cell-cell interactions have become a useful tool in clinical practice and can be considered for CSC targeting (He and Xu, 2020). Key examples include ipilimumab, which targets the CD28/cytotoxic T lymphocyte antigen 4 (CTLA4) interaction, as well as pembrolizumab and nivolumab, which both target the programmed cell death 1 (PD1)/PD1 ligand 1 (PD-L1) interaction (Topalian et al., 2012). In addition to these FDA-approved immune checkpoint inhibitors, other inhibitory immunoreceptors that are being evaluated as potential targets for clinical intervention include LAG3, TIM3, TIGIT, B7H3, CD93, CD73, adenosine A2A receptor and BTLA (He and Xu, 2020). Despite the clear success of immune checkpoint inhibitors in several tumor types, response rates are limited (10–30%), especially in solid tumors (Hamanishi et al., 2015; Sarkar et al., 2016; Dempke et al., 2017; Disis et al., 2019; Palaia et al., 2020). The limited response rates seen with these agents are likely due to the complex network of interactions involving multiple cell types present in the TME, including CSCs, which leads to phenotypic heterogeneity we do not yet adequately understand (Sarkar et al., 2016). CSCs themselves exhibit immunosuppressive properties such as expression of inhibitory checkpoint ligands, low expression of MHC-I molecules and natural killer cell (NK cell) receptors, and low or absent expression of innate immune receptors, which renders the CSCs resistant to killing by a variety of immune cells (Bayik and Lathia, 2021). Inhibitory activity of immune checkpoints are determined by the cell surface levels of inhibitory receptors, ligand interactions with those receptors, turnover processes, and posttranslational modifications that regulate signal transduction (He and Xu, 2020). Therefore, most recently, CSC targeting has been carried out with combinations of dendritic cell-based vaccines, oncolytic viruses, and immune checkpoint blockades (for review see (Badrinath and Yoo, 2019)). Better understanding of potentially targetable ligand-receptor interactions involving CSCs has the potential to tailor these strategies. Furthermore, such understanding has the potential to expand the targetable interactions beyond tumor-immune cell interactions to include tumor-nonimmune stroma interactions as well.
Successful application of singe cell technologies and the integration of different modalities are paramount for better understanding of the factors that determine whether CSCs will respond to various therapies or not. Improved ability to quantify ligand-receptor interactions, dissect their spatial relationship (co-localization) and assess their association with outcome appear to be needed if we are to devise individualized CSC targeting. Indeed, current analyses suggest that for tumor-immune targeting there may not be a single predictor of clinical response. Instead, it is possible that the strengths of multiple ligand-receptor interactions will need to be assessed in addition to immune checkpoint components in order to predict response to immune checkpoint blockade (Ribas and Wolchok, 2018). Systems biology techniques are capable of extracting this biological information from ‘omic data and helping derive a systems view.
In contrast to CSC cell surface markers that are expressed on stem cells, intracellular stem cell markers such as aldehyde dehydrogenase (ALDH) enzymes are an intracellular target amenable of intervention that can also enable some level of treatment individualization. ALDH activity identifies CSCs in numerous cancers (Deng et al., 2010; Landen et al., 2010; Silva et al., 2011). Recently, Raghavan et al. demonstrated that ovarian cancer spheroids derived from cells that survived chemotherapy (cisplatin) displayed lower ALDH expression, complete loss of CD133 expression, and resistance to cisplatin/ALDH inhibitor combination treatment while spheroids that were resistant to cisplatin/JAK2 inhibitor combinations contained an increased number of ALDH+ cells (Raghavan et al., 2017; Chefetz et al., 2019). Thus, stratification of patients according to their CSC type (i.e., CSC markers and expression levels) pre- and post-therapy can potentially lead to more personalized treatment approaches (Patsalias and Kozovska, 2021). Ultimately this approach will not only allow us to better stratify patients for targeted and combinatorial therapies, but also potentially identify novel targets in CSCs.
CONCLUSION
Targeting CSCs, as well as the phenotypic and functional heterogeneity of the bulk tumor cells derived from them, remains an unsolved clinical challenge. Phenotypic plasticity of CSCs fuels adaptive phenotypes that contribute to tumor chemoresistance and poor clinical outcomes. A second layer of complexity arises from spatially distinct CSC niches. In this review we focused on interrogating the tumor niche to zoom in on the resident CSCs and provide insights on potential pharmacological approaches. To date no scholarly review covers this specific topic under a unified systems biology framework and new insights on targeting CSCs and strategies to engineer TME are still limited. The use of ‘omics technologies as well as systems biology and computational methodologies has the potential to revolutionize the process of identifying and studying the CSC niche. While a wide array of methods have been developed to interrogate tumor heterogeneity, available methods still do not fully characterize the phenotypic states of CSCs or asses their plasticity and its impact on drug sensitivity. Therefore, there is an urgent need to develop tools that better integrate multimodal datasets to capture these cellular complexities. A crucial next step in the study of CSCs is to characterize their contributions to intratumoral heterogeneity, at various regulatory levels, from genotype to phenotype. If we are successful, the development of models to spatially localize CSC populations within tumors and dissect their contributions to tumor initiation, progression, and drug resistance will ultimately allow us to devise innovative strategies that target CSCs and improve cancer therapy.
AUTHOR CONTRIBUTIONS
CC, TMW, CYU, JCVB, DDB, SHK, and HL drafted and edited the manuscript.
FUNDING
This work was supported by grants from National Institutes of Health (NIH) (R01 CA208517, R01 AG056318, R01 AG61796, P50 CA136393, R01 CA240323); the Glenn Foundation for Medical Research, the Mayo Clinic Center for Biomedical Discovery, the Mayo Clinic Center for Individualized Medicine, Mayo Clinic Cancer Center, and the David F. and Margaret T. Grohne Cancer Immunology and Immunotherapy Program.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Alvarez, M. J., Shen, Y., Giorgi, F. M., Lachmann, A., Ding, B. B., Ye, B. H., et al. (2016). Functional Characterization of Somatic Mutations in Cancer Using Network-Based Inference of Protein Activity. Nat. Genet. 48 (8), 838–847. doi:10.1038/ng.3593
 Aran, D., Camarda, R., Odegaard, J., Paik, H., Oskotsky, B., Krings, G., et al. (2017). Comprehensive Analysis of normal Adjacent to Tumor Transcriptomes. Nat. Commun. 8 (1), 1077. doi:10.1038/s41467-017-01027-z
 Badrinath, N., and Yoo, S. Y. (2019). Recent Advances in Cancer Stem Cell-Targeted Immunotherapy. Cancers (Basel) 11 (3), E310. doi:10.3390/cancers11030310
 Bagaev, A., Kotlov, N., Nomie, K., Svekolkin, V., Gafurov, A., Isaeva, O., et al. (2021). Conserved Pan-Cancer Microenvironment Subtypes Predict Response to Immunotherapy. Cancer Cell 39 (6), 845–865. doi:10.1016/j.ccell.2021.04.014
 Basso, K., Margolin, A. A., Stolovitzky, G., Klein, U., Dalla-Favera, R., and Califano, A. (2005). Reverse Engineering of Regulatory Networks in Human B Cells. Nat. Genet. 37 (4), 382–390. doi:10.1038/ng1532
 Bayik, D., and Lathia, J. D. (2021). Cancer Stem Cell-Immune Cell Crosstalk in Tumour Progression. Nat. Rev. Cancer 21, 526. doi:10.1038/s41568-021-00366-w
 Behbehani, G. K., Thom, C., Zunder, E. R., Finck, R., Gaudilliere, B., Fragiadakis, G. K., et al. (2014). Transient Partial Permeabilization with Saponin Enables Cellular Barcoding Prior to Surface Marker Staining. Cytometry 85 (12), 1011–1019. doi:10.1002/cyto.a.22573
 Bergen, V., Soldatov, R. A., Kharchenko, P. V., and Theis, F. J. (2021). RNA Velocity-Current Challenges and Future Perspectives. Mol. Syst. Biol. 17 (8), e10282. doi:10.15252/msb.202110282
 Bienz, M., and Clevers, H. (2003). Armadillo/β-catenin Signals in the Nucleus - Proof beyond a Reasonable Doubt?Nat. Cel Biol. 5 (3), 179–182. doi:10.1038/ncb0303-179
 Bodenmiller, B. (2016). Multiplexed Epitope-Based Tissue Imaging for Discovery and Healthcare Applications. Cel Syst. 2 (4), 225–238. doi:10.1016/j.cels.2016.03.008
 Boisset, J.-C., Vivié, J., Grün, D., Muraro, M. J., Lyubimova, A., and van Oudenaarden, A. (2018). Mapping the Physical Network of Cellular Interactions. Nat. Methods 15 (7), 547–553. doi:10.1038/s41592-018-0009-z
 Bouzekri, A., Esch, A., and Ornatsky, O. (2019). Multidimensional Profiling of Drug‐treated Cells by Imaging Mass Cytometry. FEBS Open Bio 9 (9), 1652–1669. doi:10.1002/2211-5463.12692
 Bracci, L., Fragale, A., Gabriele, L., and Moschella, F. (2020). Towards a Systems Immunology Approach to Unravel Responses to Cancer Immunotherapy. Front. Immunol. 11, 582744. doi:10.3389/fimmu.2020.582744
 Brock, A., Krause, S., Li, H., Kowalski, M., Goldberg, M. S., Collins, J. J., et al. (2014). Silencing HoxA1 by Intraductal Injection of siRNA Lipidoid Nanoparticles Prevents Mammary Tumor Progression in Mice. Sci. Transl. Med. 6 (217), 217ra2. doi:10.1126/scitranslmed.3007048
 Browaeys, R., Saelens, W., and Saeys, Y. (2020). NicheNet: Modeling Intercellular Communication by Linking Ligands to Target Genes. Nat. Methods 17 (2), 159–162. doi:10.1038/s41592-019-0667-5
 Bush, E. C., Ray, F., Alvarez, M. J., Realubit, R., Li, H., Karan, C., et al. (2017). PLATE-Seq for Genome-wide Regulatory Network Analysis of High-Throughput Screens. Nat. Commun. 8 (1), 105. doi:10.1038/s41467-017-00136-z
 Cahan, P., Li, H., Morris, S. A., Lummertz da Rocha, E., Daley, G. Q., and Collins, J. J. (2014). CellNet: Network Biology Applied to Stem Cell Engineering. Cell 158 (4), 903–915. doi:10.1016/j.cell.2014.07.020
 Chang, Q., Ornatsky, O. I., Siddiqui, I., Loboda, A., Baranov, V. I., and Hedley, D. W. (2017). Imaging Mass Cytometry. Cytometry 91 (2), 160–169. doi:10.1002/cyto.a.23053
 Chefetz, I., Grimley, E., Yang, K., Hong, L., Vinogradova, E. V., Suciu, R., et al. (2019). A Pan-ALDH1A Inhibitor Induces Necroptosis in Ovarian Cancer Stem-like Cells. Cel Rep. 26 (11), 3061–3075. doi:10.1016/j.celrep.2019.02.032
 Cohen, M., Giladi, A., Gorki, A.-D., Solodkin, D. G., Zada, M., Hladik, A., et al. (2018). Lung Single-Cell Signaling Interaction Map Reveals Basophil Role in Macrophage Imprinting. Cell 175 (4), 1031–1044. doi:10.1016/j.cell.2018.09.009
 da Rocha, E. L., Ung, C. Y., McGehee, C. D., Correia, C., and Li, H. (2016). NetDecoder: a Network Biology Platform that Decodes Context-specific Biological Networks and Gene Activities. Nucleic Acids Res. 44 (10), e100. doi:10.1093/nar/gkw166
 Davis, M. M., Tato, C. M., and Furman, D. (2017). Systems Immunology: Just Getting Started. Nat. Immunol. 18 (7), 725–732. doi:10.1038/ni.3768
 Dempke, W. C. M., Fenchel, K., Uciechowski, P., and Dale, S. P. (2017). Second- and Third-Generation Drugs for Immuno-Oncology Treatment-The More the Better?Eur. J. Cancer 74, 55–72. doi:10.1016/j.ejca.2017.01.001
 Deng, S., Yang, X., Lassus, H., Liang, S., Kaur, S., Ye, Q., et al. (2010). Distinct Expression Levels and Patterns of Stem Cell Marker, Aldehyde Dehydrogenase Isoform 1 (ALDH1), in Human Epithelial Cancers. PLoS One 5 (4), e10277. doi:10.1371/journal.pone.0010277
 Disis, M. L., Taylor, M. H., Kelly, K., Beck, J. T., Gordon, M., Moore, K. M., et al. (2019). Efficacy and Safety of Avelumab for Patients with Recurrent or Refractory Ovarian Cancer. JAMA Oncol. 5 (3), 393–401. doi:10.1001/jamaoncol.2018.6258
 Dixit, A., Parnas, O., Li, B., Chen, J., Fulco, C. P., Jerby-Arnon, L., et al. (2016). Perturb-Seq: Dissecting Molecular Circuits with Scalable Single-Cell RNA Profiling of Pooled Genetic Screens. Cell 167 (7), 1853–1866. doi:10.1016/j.cell.2016.11.038
 Efremova, M., Vento-Tormo, M., Teichmann, S. A., and Vento-Tormo, R. (2020). CellPhoneDB: Inferring Cell-Cell Communication from Combined Expression of Multi-Subunit Ligand-Receptor Complexes. Nat. Protoc. 15 (4), 1484–1506. doi:10.1038/s41596-020-0292-x
 Elmentaite, R., Teichmann, S. A., and Madissoon, E. (2019). Studying Immune to Non-immune Cell Cross-Talk Using Single-Cell Technologies. Curr. Opin. Syst. Biol. 18, 87–94. doi:10.1016/j.coisb.2019.10.005
 Ferraro, G. B., Ali, A., Luengo, A., Kodack, D. P., Deik, A., Abbott, K. L., et al. (2021). Fatty Acid Synthesis Is Required for Breast Cancer Brain Metastasis. Nat. Cancer 2 (4), 414–428. doi:10.1038/s43018-021-00183-y
 Fischer, D. S., Fiedler, A. K., Kernfeld, E. M., Genga, R. M. J., Bastidas-Ponce, A., Bakhti, M., et al. (2019). Inferring Population Dynamics from Single-Cell RNA-Sequencing Time Series Data. Nat. Biotechnol. 37 (4), 461–468. doi:10.1038/s41587-019-0088-0
 Friedmann-Morvinski, D., and Verma, I. M. (2014). Dedifferentiation and Reprogramming: Origins of Cancer Stem Cells. EMBO Rep. 15 (3), 244–253. doi:10.1002/embr.201338254
 Gadalla, R., Noamani, B., MacLeod, B. L., Dickson, R. J., Guo, M., Xu, W., et al. (2019). Validation of CyTOF against Flow Cytometry for Immunological Studies and Monitoring of Human Cancer Clinical Trials. Front. Oncol. 9, 415. doi:10.3389/fonc.2019.00415
 Galluzzi, L., Spranger, S., Fuchs, E., and López-Soto, A. (2019). WNT Signaling in Cancer Immunosurveillance. Trends Cel Biol. 29 (1), 44–65. doi:10.1016/j.tcb.2018.08.005
 Gao, C., Liu, J., Kriebel, A. R., Preissl, S., Luo, C., Castanon, R., et al. (2021). Iterative Single-Cell Multi-Omic Integration Using Online Learning. Nat. Biotechnol. 39, 1000. doi:10.1038/s41587-021-00867-x
 Gautam, P., Hamashima, K., Chen, Y., Zeng, Y., Makovoz, B., Parikh, B. H., et al. (2021). Multi-species Single-Cell Transcriptomic Analysis of Ocular Compartment Regulons. Nat. Commun. 12 (1), 5675. doi:10.1038/s41467-021-25968-8
 Ghanat Bari, M., Ung, C. Y., Zhang, C., Zhu, S., and Li, H. (2017). Machine Learning-Assisted Network Inference Approach to Identify a New Class of Genes that Coordinate the Functionality of Cancer Networks. Sci. Rep. 7 (1), 6993. doi:10.1038/s41598-017-07481-5
 Giesen, C., Wang, H. A. O., Schapiro, D., Zivanovic, N., Jacobs, A., Hattendorf, B., et al. (2014). Highly Multiplexed Imaging of Tumor Tissues with Subcellular Resolution by Mass Cytometry. Nat. Methods 11 (4), 417–422. doi:10.1038/nmeth.2869
 Gingold, J., Zhou, R., Lemischka, I. R., and Lee, D.-F. (2016). Modeling Cancer with Pluripotent Stem Cells. Trends Cancer 2 (9), 485–494. doi:10.1016/j.trecan.2016.07.007
 Graham, K., Ge, X., de las Morenas, A., Tripathi, A., and Rosenberg, C. L. (2011). Gene Expression Profiles of Estrogen Receptor-Positive and Estrogen Receptor-Negative Breast Cancers Are Detectable in Histologically normal Breast Epithelium. Clin. Cancer Res. 17 (2), 236–246. doi:10.1158/1078-0432.ccr-10-1369
 Greenwald, N. F., Miller, G., Moen, E., Kong, A., Kagel, A., Dougherty, T., et al. (2021). Whole-cell Segmentation of Tissue Images with Human-Level Performance Using Large-Scale Data Annotation and Deep Learning. Nat. Biotechnol 1–11. doi:10.1038/s41587-021-01094-0
 Haghverdi, L., Büttner, M., Wolf, F. A., Buettner, F., and Theis, F. J. (2016). Diffusion Pseudotime Robustly Reconstructs Lineage Branching. Nat. Methods 13 (10), 845–848. doi:10.1038/nmeth.3971
 Hall, J. A., Grainger, J. R., Spencer, S. P., and Belkaid, Y. (2011). The Role of Retinoic Acid in Tolerance and Immunity. Immunity 35 (1), 13–22. doi:10.1016/j.immuni.2011.07.002
 Hamanishi, J., Mandai, M., Ikeda, T., Minami, M., Kawaguchi, A., Murayama, T., et al. (2015). Safety and Antitumor Activity of Anti-PD-1 Antibody, Nivolumab, in Patients with Platinum-Resistant Ovarian Cancer. J. Clin. Oncol. 33 (34), 4015–4022. doi:10.1200/jco.2015.62.3397
 He, X., and Xu, C. (2020). Immune Checkpoint Signaling and Cancer Immunotherapy. Cell Res. 30 (8), 660–669. doi:10.1038/s41422-020-0343-4
 Holtzhausen, A., Zhao, F., Evans, K. S., Tsutsui, M., Orabona, C., Tyler, D. S., et al. (2015). Melanoma-Derived Wnt5a Promotes Local Dendritic-Cell Expression of IDO and Immunotolerance: Opportunities for Pharmacologic Enhancement of Immunotherapy. Cancer Immunol. Res. 3 (9), 1082–1095. doi:10.1158/2326-6066.cir-14-0167
 Huggins, I. J., Bos, T., Gaylord, O., Jessen, C., Lonquich, B., Puranen, A., et al. (2017). The WNT Target SP5 Negatively Regulates WNT Transcriptional Programs in Human Pluripotent Stem Cells. Nat. Commun. 8 (1), 1034. doi:10.1038/s41467-017-01203-1
 Hurvitz, S. A., Caswell-Jin, J. L., McNamara, K. L., Zoeller, J. J., Bean, G. R., Dichmann, R., et al. (2020). Pathologic and Molecular Responses to Neoadjuvant Trastuzumab And/or Lapatinib from a Phase II Randomized Trial in HER2-Positive Breast Cancer (TRIO-US B07). Nat. Commun. 11 (1), 5824. doi:10.1038/s41467-020-19494-2
 Jenkins, R. W., Aref, A. R., Lizotte, P. H., Ivanova, E., Stinson, S., Zhou, C. W., et al. (2018). Ex Vivo Profiling of PD-1 Blockade Using Organotypic Tumor Spheroids. Cancer Discov. 8 (2), 196–215. doi:10.1158/2159-8290.CD-17-0833
 Kalbasi, A., and Ribas, A. (2020). Tumour-intrinsic Resistance to Immune Checkpoint Blockade. Nat. Rev. Immunol. 20 (1), 25–39. doi:10.1038/s41577-019-0218-4
 Kirschner, M. W. (2005). The Meaning of Systems Biology. Cell 121 (4), 503–504. doi:10.1016/j.cell.2005.05.005
 Kumar, M. P., Du, J., Lagoudas, G., Jiao, Y., Sawyer, A., Drummond, D. C., et al. (2018). Analysis of Single-Cell RNA-Seq Identifies Cell-Cell Communication Associated with Tumor Characteristics. Cel Rep. 25 (6), 1458–1468. doi:10.1016/j.celrep.2018.10.047
 La Manno, G., Soldatov, R., Zeisel, A., Braun, E., Hochgerner, H., Petukhov, V., et al. (2018). RNA Velocity of Single Cells. Nature 560 (7719), 494–498. doi:10.1038/s41586-018-0414-6
 Labani-Motlagh, A., Ashja-Mahdavi, M., and Loskog, A. (2020). The Tumor Microenvironment: A Milieu Hindering and Obstructing Antitumor Immune Responses. Front. Immunol. 11, 940. doi:10.3389/fimmu.2020.00940
 LaFave, L. M., Kartha, V. K., Ma, S., Meli, K., Del Priore, I., Lareau, C., et al. (2020). Epigenomic State Transitions Characterize Tumor Progression in Mouse Lung Adenocarcinoma. Cancer Cell 38 (2), 212–228. doi:10.1016/j.ccell.2020.06.006
 Lamb, J., Crawford, E. D., Peck, D., Modell, J. W., Blat, I. C., Wrobel, M. J., et al. (2006). The Connectivity Map: Using Gene-Expression Signatures to Connect Small Molecules, Genes, and Disease. Science 313 (5795), 1929–1935. doi:10.1126/science.1132939
 Landen, C. N., Goodman, B., Katre, A. A., Steg, A. D., Nick, A. M., Stone, R. L., et al. (2010). Targeting Aldehyde Dehydrogenase Cancer Stem Cells in Ovarian Cancer. Mol. Cancer Ther. 9 (12), 3186–3199. doi:10.1158/1535-7163.mct-10-0563
 Luke, J. J., Bao, R., Sweis, R. F., Spranger, S., and Gajewski, T. F. (2019). WNT/β-catenin Pathway Activation Correlates with Immune Exclusion across Human Cancers. Clin. Cancer Res. 25 (10), 3074–3083. doi:10.1158/1078-0432.ccr-18-1942
 Lyssiotis, C. A., and Kimmelman, A. C. (2017). Metabolic Interactions in the Tumor Microenvironment. Trends Cel Biol. 27 (11), 863–875. doi:10.1016/j.tcb.2017.06.003
 Malta, T. M., Sokolov, A., Gentles, A. J., Burzykowski, T., Poisson, L., Weinstein, J. N., et al. (2018). Machine Learning Identifies Stemness Features Associated with Oncogenic Dedifferentiation. Cell 173 (2), 338–e15. doi:10.1016/j.cell.2018.03.034
 Marjanovic, N. D., Hofree, M., Chan, J. E., Canner, D., Wu, K., Trakala, M., et al. (2020). Emergence of a High-Plasticity Cell State during Lung Cancer Evolution. Cancer Cell 38 (2), 229–246. doi:10.1016/j.ccell.2020.06.012
 McFarland, J. M., Paolella, B. R., Warren, A., Geiger-Schuller, K., Shibue, T., Rothberg, M., et al. (2020). Multiplexed Single-Cell Transcriptional Response Profiling to Define Cancer Vulnerabilities and Therapeutic Mechanism of Action. Nat. Commun. 11 (1), 4296. doi:10.1038/s41467-020-17440-w
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust Enumeration of Cell Subsets from Tissue Expression Profiles. Nat. Methods 12 (5), 453–457. doi:10.1038/nmeth.3337
 Ng, A., and Barker, N. (2015). Ovary and Fimbrial Stem Cells: Biology, Niche and Cancer Origins. Nat. Rev. Mol. Cel Biol. 16 (10), 625–638. doi:10.1038/nrm4056
 Nguyen, V. H. L., Hough, R., Bernaudo, S., and Peng, C. (2019). Wnt/β-catenin Signalling in Ovarian Cancer: Insights into its Hyperactivation and Function in Tumorigenesis. J. Ovarian Res. 12 (1), 122. doi:10.1186/s13048-019-0596-z
 Olive, K. P., Jacobetz, M. A., Davidson, C. J., Gopinathan, A., McIntyre, D., Honess, D., et al. (2009). Inhibition of Hedgehog Signaling Enhances Delivery of Chemotherapy in a Mouse Model of Pancreatic Cancer. Science 324 (5933), 1457–1461. doi:10.1126/science.1171362
 Palaia, I., Tomao, F., Sassu, C. M., Musacchio, L., and Benedetti Panici, P. (2020). Immunotherapy for Ovarian Cancer: Recent Advances and Combination Therapeutic Approaches. Onco Targets Ther. 13, 6109–6129. doi:10.2147/ott.s205950
 Patsalias, A., and Kozovska, Z. (2021). Personalized Medicine: Stem Cells in Colorectal Cancer Treatment. Biomed. Pharmacother. 141, 111821. doi:10.1016/j.biopha.2021.111821
 Pinto, J. P., Kalathur, R. K., Oliveira, D. V., Barata, T., Machado, R. S. R., Machado, S., et al. (2015). StemChecker: a Web-Based Tool to Discover and Explore Stemness Signatures in Gene Sets. Nucleic Acids Res. 43 (W1), W72–W77. doi:10.1093/nar/gkv529
 Plaks, V., Kong, N., and Werb, Z. (2015). The Cancer Stem Cell Niche: How Essential Is the Niche in Regulating Stemness of Tumor Cells?Cell Stem Cell 16 (3), 225–238. doi:10.1016/j.stem.2015.02.015
 Raghavan, S., Mehta, P., Ward, M. R., Bregenzer, M. E., Fleck, E. M. A., Tan, L., et al. (2017). Personalized Medicine-Based Approach to Model Patterns of Chemoresistance and Tumor Recurrence Using Ovarian Cancer Stem Cell Spheroids. Clin. Cancer Res. 23 (22), 6934–6945. doi:10.1158/1078-0432.ccr-17-0133
 Ramazzotti, D., Lal, A., Wang, B., Batzoglou, S., and Sidow, A. (2018). Multi-omic Tumor Data Reveal Diversity of Molecular Mechanisms that Correlate with Survival. Nat. Commun. 9 (1), 4453. doi:10.1038/s41467-018-06921-8
 Rappoport, N., and Shamir, R. (2018). Multi-omic and Multi-View Clustering Algorithms: Review and Cancer Benchmark. Nucleic Acids Res. 46 (20), 10546–10562. doi:10.1093/nar/gky889
 Regev, A., Teichmann, S. A., Lander, E. S., Amit, I., Benoist, C., Birney, E., et al. (2017). The Human Cell Atlas. Elife 6, e27041. doi:10.7554/eLife.27041
 Ribas, A., and Wolchok, J. D. (2018). Cancer Immunotherapy Using Checkpoint Blockade. Science 359 (6382), 1350–1355. doi:10.1126/science.aar4060
 Risom, T., Glass, D. R., Liu, C. C., Rivero-Gutiérrez, B., Baranski, A., McCaffrey, E. F., et al. (2022). Transition to Invasive Breast Cancer Is Associated with Progressive Changes in the Structure and Composition of Tumor Stroma. Cell 185 (2), 299–310.e18. doi:10.1016/j.cell.2021.12.023
 Saelens, W., Cannoodt, R., Todorov, H., and Saeys, Y. (2019). A Comparison of Single-Cell Trajectory Inference Methods. Nat. Biotechnol. 37 (5), 547–554. doi:10.1038/s41587-019-0071-9
 Sanmamed, M. F., and Chen, L. (2014). Inducible Expression of B7-H1 (PD-L1) and its Selective Role in Tumor Site Immune Modulation. Cancer J. 20 (4), 256–261. doi:10.1097/ppo.0000000000000061
 Sanmamed, M. F., and Chen, L. (2018). A Paradigm Shift in Cancer Immunotherapy: From Enhancement to Normalization. Cell 175 (2), 313–326. doi:10.1016/j.cell.2018.09.035
 Sarkar, S., Sabhachandani, P., Stroopinsky, D., Palmer, K., Cohen, N., Rosenblatt, J., et al. (2016). Dynamic Analysis of Immune and Cancer Cell Interactions at Single Cell Level in Microfluidic Droplets. Biomicrofluidics 10 (5), 054115. doi:10.1063/1.4964716
 Schapiro, D., Jackson, H. W., Raghuraman, S., Fischer, J. R., Zanotelli, V. R. T., Schulz, D., et al. (2017). histoCAT: Analysis of Cell Phenotypes and Interactions in Multiplex Image Cytometry Data. Nat. Methods 14 (9), 873–876. doi:10.1038/nmeth.4391
 Setty, M., Tadmor, M. D., Reich-Zeliger, S., Angel, O., Salame, T. M., Kathail, P., et al. (2016). Wishbone Identifies Bifurcating Developmental Trajectories from Single-Cell Data. Nat. Biotechnol. 34 (6), 637–645. doi:10.1038/nbt.3569
 Silva, I. A., Bai, S., McLean, K., Yang, K., Griffith, K., Thomas, D., et al. (2011). Aldehyde Dehydrogenase in Combination with CD133 Defines Angiogenic Ovarian Cancer Stem Cells that Portend Poor Patient Survival. Cancer Res. 71 (11), 3991–4001. doi:10.1158/0008-5472.can-10-3175
 Spranger, S., and Gajewski, T. F. (2015). A New Paradigm for Tumor Immune Escape: β-catenin-driven Immune Exclusion. J. Immunotherapy Cancer 3, 43. doi:10.1186/s40425-015-0089-6
 Spranger, S., Bao, R., and Gajewski, T. F. (2015). Melanoma-intrinsic β-catenin Signalling Prevents Anti-tumour Immunity. Nature 523 (7559), 231–235. doi:10.1038/nature14404
 Spranger, S., Dai, D., Horton, B., and Gajewski, T. F. (2017). Tumor-Residing Batf3 Dendritic Cells Are Required for Effector T Cell Trafficking and Adoptive T Cell Therapy. Cancer Cell 31 (5), 711–723. doi:10.1016/j.ccell.2017.04.003
 Stuart, T., and Satija, R. (2019). Integrative Single-Cell Analysis. Nat. Rev. Genet. 20 (5), 257–272. doi:10.1038/s41576-019-0093-7
 Stuart, T., Butler, A., Hoffman, P., Hafemeister, C., Papalexi, E., Mauck, W. M., et al. (2019). Comprehensive Integration of Single-Cell Data. Cell 177 (7), 1888–1902. doi:10.1016/j.cell.2019.05.031
 Thorsson, V., Gibbs, D. L., Brown, S. D., Wolf, D., Bortone, D. S., Ou Yang, T. H., et al. (2018). The Immune Landscape of Cancer. Immunity 48 (4), 812. doi:10.1016/j.immuni.2018.03.023
 Topalian, S. L., Drake, C. G., and Pardoll, D. M. (2012). Targeting the PD-1/B7-H1(PD-L1) Pathway to Activate Anti-tumor Immunity. Curr. Opin. Immunol. 24 (2), 207–212. doi:10.1016/j.coi.2011.12.009
 Trapnell, C., Cacchiarelli, D., Grimsby, J., Pokharel, P., Li, S., Morse, M., et al. (2014). The Dynamics and Regulators of Cell Fate Decisions Are Revealed by Pseudotemporal Ordering of Single Cells. Nat. Biotechnol. 32 (4), 381–386. doi:10.1038/nbt.2859
 Ung, C. Y., Ghanat Bari, M., Zhang, C., Liang, J., Correia, C., and Li, H. (2019). Regulostat Inferelator: a Novel Network Biology Platform to Uncover Molecular Devices that Predetermine Cellular Response Phenotypes. Nucleic Acids Res. 47 (14), e82. doi:10.1093/nar/gkz417
 van de Wetering, M., Oosterwegel, M., Dooijes, D., and Clevers, H. (1991). Identification and Cloning of TCF-1, a T Lymphocyte-specific Transcription Factor Containing a Sequence-specific HMG Box. EMBO J. 10 (1), 123–132. doi:10.1002/j.1460-2075.1991.tb07928.x
 Vento-Tormo, R., Efremova, M., Botting, R. A., Turco, M. Y., Vento-Tormo, M., Meyer, K. B., et al. (2018). Single-cell Reconstruction of the Early Maternal-Fetal Interface in Humans. Nature 563 (7731), 347–353. doi:10.1038/s41586-018-0698-6
 Vermeulen, L., De Sousa E Melo, F., van der Heijden, M., Cameron, K., de Jong, J. H., Borovski, T., et al. (2010). Wnt Activity Defines colon Cancer Stem Cells and Is Regulated by the Microenvironment. Nat. Cel Biol. 12 (5), 468–476. doi:10.1038/ncb2048
 Visvader, J. E. (2011). Cells of Origin in Cancer. Nature 469 (7330), 314–322. doi:10.1038/nature09781
 Vunjak-Novakovic, G., Ronaldson-Bouchard, K., and Radisic, M. (2021). Organs-on-a-chip Models for Biological Research. Cell 184 (18), 4597–4611. doi:10.1016/j.cell.2021.08.005
 Wagner, J., Rapsomaniki, M. A., Chevrier, S., Anzeneder, T., Langwieder, C., Dykgers, A., et al. (2019). A Single-Cell Atlas of the Tumor and Immune Ecosystem of Human Breast Cancer. Cell 177 (5), 1330–1345. doi:10.1016/j.cell.2019.03.005
 Wang B, B., Tian, T., Kalland, K.-H., Ke, X., and Qu, Y. (2018). Targeting Wnt/β-Catenin Signaling for Cancer Immunotherapy. Trends Pharmacol. Sci. 39 (7), 648–658. doi:10.1016/j.tips.2018.03.008
 Wang X, X., Allen, W. E., Wright, M. A., Sylwestrak, E. L., Samusik, N., Vesuna, S., et al. (2018). Three-dimensional Intact-Tissue Sequencing of Single-Cell Transcriptional States. Science 361 (6400), eaat5691. doi:10.1126/science.aat5691
 Weinreb, C., Wolock, S., Tusi, B. K., Socolovsky, M., and Klein, A. M. (2018). Fundamental Limits on Dynamic Inference from Single-Cell Snapshots. Proc. Natl. Acad. Sci. USA 115 (10), E2467–E2476. doi:10.1073/pnas.1714723115
 Welch, J. D., Kozareva, V., Ferreira, A., Vanderburg, C., Martin, C., and Macosko, E. Z. (2019). Single-Cell Multi-Omic Integration Compares and Contrasts Features of Brain Cell Identity. Cell 177 (7), 1873–1887. doi:10.1016/j.cell.2019.05.006
 Wolf, F. A., Hamey, F. K., Plass, M., Solana, J., Dahlin, J. S., Göttgens, B., et al. (2019). PAGA: Graph Abstraction Reconciles Clustering with Trajectory Inference through a Topology Preserving Map of Single Cells. Genome Biol. 20 (1), 59. doi:10.1186/s13059-019-1663-x
 Yang, K., Wang, X., Zhang, H., Wang, Z., Nan, G., Li, Y., et al. (2016). The Evolving Roles of Canonical WNT Signaling in Stem Cells and Tumorigenesis: Implications in Targeted Cancer Therapies. Lab. Invest. 96 (2), 116–136. doi:10.1038/labinvest.2015.144
 Yao, L., Jayasinghe, R. G., Thomas, B. E., Bhasin, S. S., Fernandez, N., Kourelis, T., et al. (2020). Integrated Cytof, Scrna-Seq and Cite-Seq Analysis of Bone Marrow Immune Microenvironment in the Mmrf Commpass Study. Blood 136, 28–29. doi:10.1182/blood-2020-142534
 Ye, C., Ho, D. J., Neri, M., Yang, C., Kulkarni, T., Randhawa, R., et al. (2018). DRUG-seq for Miniaturized High-Throughput Transcriptome Profiling in Drug Discovery. Nat. Commun. 9 (1), 4307. doi:10.1038/s41467-018-06500-x
 Zhang, X., Wang, L., and Qu, Y. (2020). Targeting the β-catenin Signaling for Cancer Therapy. Pharmacol. Res. 160, 104794. doi:10.1016/j.phrs.2020.104794
 Zhou, J. X., Taramelli, R., Pedrini, E., Knijnenburg, T., and Huang, S. (2017). Extracting Intercellular Signaling Network of Cancer Tissues Using Ligand-Receptor Expression Patterns from Whole-Tumor and Single-Cell Transcriptomes. Sci. Rep. 7 (1), 8815. doi:10.1038/s41598-017-09307-w
 Zitvogel, L., Pitt, J. M., Daillère, R., Smyth, M. J., and Kroemer, G. (2016). Mouse Models in Oncoimmunology. Nat. Rev. Cancer 16 (12), 759–773. doi:10.1038/nrc.2016.91
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Correia, Weiskittel, Ung, Villasboas Bisneto, Billadeau, Kaufmann and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/xhtml/nav.xhtml
Contents

		Cover

		Uncovering Pharmacological Opportunities for Cancer Stem Cells—A Systems Biology View		Introduction

		Sources of Tumor Heterogeneity

		Stemness of Cancer Cells

		Systems Biology and Cancer Stem Cell States		Dedifferentiation of Cancer Cells

		WNT-β-Catenin Signaling and Stem Cell-like Phenotype in CSCs





		Promise of Probing the Cellular Niche		Tumor Microenvironment

		The Cellular Niche and Tumor Microenvironment

		Highly Dynamic Cellular States and CSCs





		Probing the Cellular Niche: Technological Advances

		Future Directions in Manipulating the Cancer Stem Cell Niche		Biological Perturbations to Modulate the Cellular Niche





		Systems ‘Omics Integration

		Population Dynamics

		Cancer Stem Cell Systems Biology—Emerging Insights Into CSC Stemness

		Future Impact on Individualized Medicine

		Conclusion

		Author Contributions

		Funding

		Publisher’s Note

		References









OPS/images/cover.jpg
frontiers
in Cell and Developmental Biology

Uncovering Pharmacological
Opportunities for Cancer Stem
Cells—A Systems Biology View





OPS/images/fcell-10-752326-g001.gif





OPS/images/fcell-10-752326-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
’ frontiers
in Cell and Developmental Biology





