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Abstract

:

Skin is a complex and heterogeneous organ at the cellular level. This complexity is beginning to be understood through the application of single-cell genomics and computational tools. A large number of datasets that shed light on how the different human skin cell types interact in homeostasis—and what ceases to work in diverse dermatological diseases—have been generated and are publicly available. However, translation of these novel aspects to the clinic is lacking. This review aims to summarize the state-of-the-art of skin biology using single-cell technologies, with a special focus on skin pathologies and the translation of mechanistic findings to the clinic. The main implications of this review are to summarize the benefits and limitations of single-cell analysis and thus help translate the emerging insights from these novel techniques to the bedside.
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1. Introduction


Skin represents the outermost barrier against foreign objects, radiation, and other insults [1]. It also acts as a thermal insulator and regulator and senses external stimuli. To accommodate these varied functions, the cellular composition of skin is very heterogeneous, including numerous cell types [2]. In further rounds of complexity, epidermal adnexa are composed of additional specialized cell types, and each skin cell type will be represented in a given time by a variable number of cell states that respond to minor alterations of the cell microenvironment.



Traditionally, three keratinocyte-basal, suprabasal, and corneocyte-and two fibroblast-papillary and reticular- subtypes have been distinguished based on differential localization within layers, as well as discrete changes in gene and protein expression [3,4]. Recently, single-cell analysis methods have captured this heterogeneity more systematically. Single-cell studies focus on the biological properties of each cell after tissue disaggregation, i.e., the status of genome, transcriptome, proteome, or epigenome may be described within each dissociated cell. In contrast, the traditional bulk analysis permits analyzing properties of groups of cells or tissues as a whole, thereby losing cell-intrinsic granularity. Single-cell studies have shown that gene expression is variable even in similar cell types [5], broadening the paradigm of cell heterogeneity. Instead of thinking of cell types, biologists now more commonly refer to cell states, i.e., slight changes of cell identity in response to the environment that result in several subpopulations included within a broader cell type definition. More than 1000 single-cell datasets are publicly available [6] and the number is increasing by the day. Therefore, it is conceivable that cell types and states will be redefined to varying degrees of complexity depending on the resolution used in computational clustering [7].



Depending on the number of measured biological features, single-cell methods are divided into unimodal and multimodal if one or more than one feature—e.g., transcriptomic expression or epigenomic signature—are evaluated [8,9,10]. The prevalent unimodal method is single-cell RNA- sequencing of dissociated cells [11], which captures the gene expression profile of each cell. Methods that measure the epigenomic profile of cells are less common, mainly due to the complexity of the protocols and the relatively low level of information obtained. Multimodal methods vastly increase the cost and complexity of experiments, thus impeding wide adoption by the research community [10].



A prominent field within the multimodal methods are fields of single-cell protein detection methods. These methods can be divided into two families. Mass spectrometry(MS)-based single-cell methods couple single cell isolation with MS [12,13]. While those methods show a high resolution proteomic profile (>1000 peptides) their cell throughput is scarce (∼10–100 cells) and lack robust data integration pipelines [14]. The second family of methods are based on cell surface protein analysis, in which antibodies against membrane proteins are coupled with DNA tags, which are sequenced as the rest of elements within the droplet [15,16,17]. While those methods have a higher cell throughput (∼10 k) and are interpreted as a wider version of FACS, the array of antibodies to be used—about 100, biased towards immune populations—is far from a golden standard for general tissue analysis.



More recently, spatial transcriptomic methods have been developed [18,19,20]. These methods combine histology sampling with RNA-seq or proteomic signatures of individual cells or small regions within the tissue sample. With these methods, the expression signatures of hundreds to thousands of genes are linked to specific regions within the tissue, thus providing relevant spatial information. Currently, two main types of spatial methods exist. In in situ hybridization and sequencing methods such as seqFISH+ [21], MERFISH [22] or STARmap [23], cell mRNAs are hybridized with fluorescent probes designed for an array of genes, and the location of the probe is identified using a sequencer. On the other hand, in situ mRNA capturing methods such as Slide-seq [24] or Visium [25] use custom slides with immobilized probes, set up to capture spatial information. Then, tissue sections are deposited on the slides, and the mRNA molecules of the tissue are hybridized to the probes on the slide, amplified, and sequenced. The former set of methods allows subcellular resolution of gene expression but do not capture the whole transcriptional landscape of the cell—although more recent techniques such as seqFISH+ allow for quasi-transcriptional levels—whereas the latter shows a more representative picture of the transcriptomic status of the selected area, but section areas tend to include several cells, and thus, transcriptomic data do not present single-cell resolution. However, novel iterations of available commercial platforms are claiming near subcellular resolution, indicating that the technological challenges for improving spatial resolution are being solved.



In this review, we recapitulate the main cell populations and subpopulations observed by single-cell RNA-sequencing (scRNA-seq) technologies in healthy and pathological skin focused on human skin with limited reference to animal models. We enumerate current challenges in single-cell methods and the lessons learned for experimental design. Lastly, we summarize the opportunities that single-cell technologies will bring to interested dermatologists and skin biologists. Our approach complements previous reviews focused on scRNA-seq techniques in dermatology [26,27,28,29,30] in that we explore the actual cell populations and pathways in depth. We also aim to increase awareness of the exploding potential that these techniques make available to clinical medicine and, ultimately, highlight their potential impact in the development of novel diagnostic and treatment options for dermatological diseases.




2. Single-Cell Analysis of Healthy Skin


Any cellular analyses in humans depend on relatively scarce live tissue availability. Additionally, experimental protocols hugely impact data because early injury response genes light up in response to tissue disaggregation [31]. Of all solid tissues, the study of skin has gained traction in the single-cell community because it is accessible and readily available. However, skin disaggregation—as with any other solid tissue—presents some technical challenges, and this will impact cell viability, as well as the representativeness of the obtained sample [32,33]. To date, most of the single-cell studies on healthy skin are focused either on determining the heterogeneity of fibroblasts from the dermis or understanding transcriptional changes underlying the differentiation of keratinocytes in the interfollicular epidermis. However, the skin is a highly specialized organ with several regional specifications. Of interest, a recent study analyzed specialized cell populations of the nails [34]. Hopefully, similar studies will follow suit to better understand all skin appendages.



2.1. Single-Cell Analyses of Fibroblasts


Fibroblasts are the main cellular constituent of the dermis. Histologically, the dermis presents distinct upper (papillary) and lower (reticular) layers (Figure 1). Papillary fibroblasts are more densely packed, while the reticular dermis contains sparse fibroblasts and substantially more extracellular matrix (ECM). For a long time, phenotypic markers that distinguish both fibroblasts types have been explored. However, it is now clear that both fibroblast categories contain subpopulations [35], and more granularity is thus needed to achieve a biologically meaningful categorization of cell subsets.



Several research groups have now proposed diverse clusterings of human skin fibroblast populations at the single-cell level, with all published studies finding three major cell populations and a varying number of subpopulations [36,37,38,39,40]. Unfortunately, there seems to be little overlap between studies concerning markers of fibroblast types and subtypes. This is only apparent because in a joint reanalysis of the first four datasets high comparability between them was uncovered [35]. Thus, there seem to be 3 major fibroblast types in human skin, denominated A-C, and they are composed of at least 10 minor subtypes (clusters), denominated A1–A4, B1 and B2, and C1–C4. For instance, Ascension’s cluster B2 (CCL19   +  ) can be mapped to Tabib’s cluster 5 [36], Solé-Boldo’s 2A population [38], and Vorstandlechner’s cluster 2 [37]. Similarly, Ascension’s cluster A2 (APCDD1   +  COL18A1   +  ) can be mapped to Tabib’s cluster 0, Solé-Boldo’s cluster 3, and Vorstandlechner’s cluster 3. These computationally determined axes and clusters account for 92.5% of the sequenced fibroblasts. There are some indications of the localization of some of these cell types (Figure 1), but the functional characterization of fibroblast types and subtypes is still lacking. Recently, a large (>0.5 M cells) sc-RNAseq dataset (again including three major fibroblast subpopulations on human skin) was made available. In this case, fibroblast subpopulations were characterized by the expression of signature genes COL1A1 and COL1A2, CXCL12, and CCL19, respectively [40]. Of note, a preprint posting a reanalysis of this study postulates that their fibroblast clustering is unreliable due to technical reasons [33].



All previously mentioned studies focused on human skin. However, fibroblasts are ubiquitous cells, and data from animal models as well as data on fibroblasts from other organs may yield interesting insights. For instance, Buechler et al. performed a single-cell RNA-seq analysis of 120,000 fibroblasts obtained from different mouse tissues, including the skin [41]. In the healthy mouse tissues analyzed, they found two major pan-tissue “universal” fibroblast types that reliably appeared across most tissues, namely, a vascular niche-associated Dpt   +  Pi16   +   population, with stem cell-like characteristics, and a basement membrane-associated Dpt   +  Col15a1   +   population. They also described other minor “specialized” fibroblast populations such as Ccl19   +  , Coch   +  , Comp   +  , Cxcl12   +  , Fbln1   +  , Bmp4   +  , Npnt   +  , and Hhip   +   cells. To the naked eye, some of these populations may seem transcriptomically related to the above-described human skin fibroblast clusters [35]. However, we find little replication of mouse fibroblast markers in the human populations (Supplementary Table S1), indicating that care should be taken in assuming any correlation between mouse and human studies. Some facts may lead to potentially interesting discoveries. For instance, Coch   +   fibroblasts have also been described in other human organs [42]. Thus, in-depth comparative studies of the human skin fibroblast populations and other organ and species datasets may prove a fruitful line of research to start disentangling functional cell types within human dermal fibroblasts.




2.2. Single-Cell Analyses of Keratinocytes


The interfollicular epidermis is composed of four keratinocyte layers, showing a continuum of differentiation: the basal stratum, located just above the basement membrane between the dermis and epidermis, is the least differentiated state. Cells from this layer differentiate into the spinous, granular, and cornified layers, where they gradually lose their nuclei and increase their keratin content. Due to their low amount of expressed RNA, cells from the granular and cornified layers are rarely captured during single-cell analysis. As expected, the greater complexity of these layers has only been appreciated by the increased granularity of scRNA-seq studies.



The first study by Cheng et al. researched the heterogeneity of epidermal cell types on the human scalp, trunk, and foreskin tissue [43]. All skin sources shared at least three keratinocyte populations: spinous, granular, and follicular. They also identified a mitotic population with high PCNA and KI67 expression, and a channel population expressing cell junctions (GJB2, GJB6) and mitochondrial channels (VDAC2). They found two populations specific to the scalp: a follicular population (S100A2, APOE) and a WNT inhibitor population, which likely constituted hair follicle bulge cells (SFRP1, FRZB, and DKK3 positive). Finally, they detected two basal keratinocyte subpopulations, one present in trunk and scalp skin (CXCL14   hi  , DMKN   hi  ) and the second one in foreskin (CCL2   hi  , IL1R2   hi  ) which exclusively expressed amphiregulin. A later reanalysis of the neonatal foreskin data by the same group recapitulated the epidermal differentiation into 7 discrete stages [44], characterized by different Gene Modules. For instance, module 4 consisted of calcium-binding and cell adhesion genes (CDH3, FAT1, DSG3); module 2 was enriched in mitotic stage-associated keratins (KRT6A, KRT6B); and module 5 contained genes involved in barrier function (DEGS2, CERS3), cell adhesion (DSC1, PERP), tight junctions (CLDN1, CLDN8), and desquamation (KLK8, KLK11). A mitotic population showed a high expression of basal markers and intermediate expression of early differentiation markers (KRT10, KRT1). Finally, they identified ETV4 and ZBED2 as key transcription factors to maintain the basal keratinocyte state.



A second study by Wang et al. detected 4 basal keratinocyte populations—two of which were transitional—in neonatal epidermis, 3 spinous populations, and one granular population, in addition to melanocytes and Langerhans cells [45]. When reconstructing the differentiation trajectory of keratinocytes, they developed an estimate of the likelihood of one cell type transitioning to another. For instance, they observed that basal III and IV communities had the highest likelihood to transition to spinous I. They also observed that the expression of PTTG1 in basal keratinocyte I and HELLS and UHRF1 in basal keratinocyte II were required for epidermal homeostasis. Concerning putative stem cell populations, it seems that spatial location may be more relevant than previously thought, and the authors show the importance of the localization of the different cell populations in relation to epidermal rete ridges. Of note, scRNA-seq analyses of clonogenic keratinocytes in culture showed that the holoclone-forming cells are defined by the expression of FOXM1 gene downstream of YAP [46].



With regard to epidermal appendages such as the hair follicle, the information from mouse models may contribute some light on the putative functions of the different cell subpopulations described. In a pioneering study, Joost et al. [47] found 25 cell populations, some of them previously not characterized like an upper hair follicle population expressing Rbp1, Defb6, and Cst6, located at the sebaceous gland opening. They computationally recreated the differentiation of keratinocytes from the interfollicular epidermis (IFE), and the spatial location in the proximal-distal axis of most of the populations in the IFE and HF. Finally, they observed that based on classical markers of stem cells progenitors (SCPs) like Cd34, Lgr5, Lgr6, or Lrig1 those markers were not sufficient to delineate basal cell populations, because up to 33% of suprabasal cells expressed those markers, and up to 27% of SCM did not express any of these markers. A similar study performed by Takahashi et al. in human samples [48] replicated the IFE differentiation pattern, from KRT5   +  KRT14   +   basal cells to fully-differentiated KRT10   +  CALML5   +   cells. They also found a mitotically active subset of cells, previously detected by Cheng et al. [43]. In mouse IFE, GRHL3 seems to control stemness at the basal cell compartment [49].





3. Single-Cell Technology Applied to Skin Conditions


Most dermatological single-cell studies have not focused on healthy human skin. They have rather explored the applicability of these techniques to explore pathological conditions. Because single-cell allows the detection of cell states and variations across samples, we can translate these techniques into the detection of subpopulations that appear, disappear, or change during a disease process. Focusing on skin pathologies, cancer has perhaps been most extensively studied using single-cell analysis [50,51]. As usual, data from animal models may also shed some light on human pathology. For instance, the aforementioned study by Buechler et al. described cell subsets that were specific to “perturbed-state tissues”, including the skin, such as Cxcl5   +  , Adamdec1   +  , and Lrrc15   +   fibroblasts [41]. Similarly, a recent preprint study proposes human CXCL10   +  CCL19   +   immune-interacting fibroblasts and SPARC   +  COL3A1   +   vascular-associated fibroblasts as shared “pathogenic activation states” in tissue fibroblasts across four chronic inflammatory diseases affecting diverse tissues [52].



We will now summarize some of the most relevant single-cell studies focused on a range of dermatological diseases and skin-related phenotypes.



3.1. Aging of Human Skin


Although aging is a generalized process affecting all organs and tissues, the study of aged skin and the search for potential rejuvenating mechanisms are of specific relevance for the cosmetic industry. Single-cell studies of both mouse [53] and human [38,54] skin have reported that old skin samples seem to present a less-defined transcriptomic signature, indicating a loss of cellular identity. Thus, fibroblast subpopulations acquire a low-inflammatory chronic status, and their functional phenotype is less well-defined, e.g., ECM component secretion is more variable across subpopulations, compared to samples from young individuals. Additionally, Solé-Boldo et al. observed a reduced peroxide metabolism, under a lower metabolic profile [38]; and Salzer et al. detected an increase in adipogenic signaling activation, which is supported by a thicker hypodermis layer in older mice [53]. However, the latter finding is most likely specific to mouse skin [55]. Finally, Zou et al. found increased inflammation and decreased self-renewal as hallmarks of aged cells. More specifically, they found matrix disassembly genes (MMP2) in fibroblasts and downregulation of DNA repair genes [54]. Ligand-receptor interaction analysis revealed that JAG1/DLL1-NOTCH3 interaction FB1-EC decreased over age, suggesting the involvement of NOTCH-HES1 axis in the maintenance of skin homeostasis. Knockdown of HES1, IER2, ID3, or TSC22D1 promoted senescence of fibroblast cell lines.




3.2. Atopic Dermatitis (AD)


Atopic dermatitis studies based on bulk microarray, GWAS and NGS methods have determined key points in the molecular aspects of the disease [56,57,58]. First, differentiated keratinocytes switch from a granular and corneum profile to a more basal state by FLG and LOR downregulation, as well as downregulation of genes associated with the lipid barrier. Second, Th17-associated and innate immune responses are present (IL23, CCL19). The most relevant cytokine is IL13, as compared to the IL17A-driven response in psoriasis [59].



The more recent single-cell studies have switched the focus from the epidermal keratinocytes to a more detailed analysis of immune populations. Thus, He et al. [39] found immune cell subpopulations uniquely described in AD samples, such as LAMP3   +  CCR7   +   and CD1A   +  FCER1A   +   dendritic cell subpopulations, a CD68   +   macrophage, and CD69   +  CD103   +  CD8   +   T cell populations. Rojahn et al. [60] found dendritic cells and macrophages overexpressing inflammatory markers RNASE, LYZ, CCL17 and AREG—which promotes keratinocyte proliferation—as well as ECM degradation markers CDH3, PLAU, CD40, and TNFRSF9. They also discovered an increase of several T cell populations expressing IL13, IL22, GZMB, and NKG7. The latter findings were replicated by Reynolds et al. [40]. In summary, AD is a complex condition where fibroblasts, immune cells and keratinocyte responses are tightly intertwined (Figure 2).




3.3. Cutaneous T-Cell Lymphoma (CTCL)


CTCL produces chronic inflammation and accumulation of malignant T lymphocytes in the skin. Patients present erythroderma, lymphadenopathy and circulating T cells, as well as mycosis fungoides, in which malignant cells reside primarily in the skin. Gaydosik et al. [61] used scRNA-seq to profile advanced-stage CTCL skin tumor samples. They discovered a minimal T cell overlap between CTCL and control samples, which expressed genes associated with mTOR signaling, NK receptors, tumor cell survival, S100 and galectin families. This transcriptomic signature indicates skin barrier inflammation and dysfunction, and increased cell proliferation, motility and invasiveness.




3.4. Drug Reaction with Eosinophilia and Systemic Symptoms (DRESS)


DRESS is a systemic skin hypersensibility syndrome. Kim et al. [62] performed scRNA-seq on skin and blood from a patient with DRESS and identified JAK-STAT signaling pathway as a potential target, consistent with the dense infiltration of CD4   +  , and CD8   +   T cells. They found an enrichment of pathways regarding lymphocyte activation and signaling such as IL2RG, JAK3, and STAT1, as well as genes involved in cell proliferation and migration (MKI67, CCR10). When the patient received valganciclovir, flow cytometry analysis of PBMCs after 2 weeks revealed a reduction of CCR4   +  CCR10   +  CD4   +  , and CD8   +   T cells.




3.5. Fibrosis


Fibrosis studies are generally focused on understanding the behavior of fibroblasts or immune populations. Kalekar et al. [63] studied the cell heterogeneity in lung and skin fibrosis. They observed that skin fibrosis is led by regulatory T cells similar to T helper cell type 2 (Th2) cells. This population expressing GATA3 and IRF4—associated with Th2 cells—is different from the regulatory T cell population in the lung. Transcription factor analysis also supported that Th2 cells are enriched in skin immune populations in comparison to the lung. Therefore, it is likely that a cell population with a Th2-like phenotype is driving the skin fibrosis process.




3.6. Human Papillomavirus Iinfection (HPV)


Long-term immunosuppressive treatment leads to dramatically increased incidences of warts, anogenital neoplasias, and squamous skin cancers. Devitt et al. [64] biopsied three warts from an immunosuppressed organ recipient and detected an upregulation of markers of the altered skin barrier function (ARL4A, MT2A) and inflammation (AP1, FOS, and JUN). The third lesion showed increased expression of KRT6A and MT1G and may represent precancerous cells.




3.7. Keloid


Keloid has been studied using single-cell by Liu et al. [65]. In this study, single-cell pathway enrichment analysis revealed that PDGF, NOTCH1, and Eph-Ephrin pathways were enriched in keloid samples compared to controls. A secondary analysis, where cell–cell interactions are studied by measuring the coexpression of ligand-receptor pairs, found that EFNB2-EPHA4—between leukocytes, Schwann cells, and vascular cells—and VEGFB-FLT1—between leukocytes and vascular endothelial cells—pairs were enriched. Those results suggest a complex interaction network between nerve, vascular, and immune cell populations in the keloid. However, that picture is not complete because both keloid and scleroderma fibroblasts seem to specifically upregulate secretory proteins such as POSTN, COMP, and ASPN [66]. Of interest, Schwann cells also seem to contribute to keloid formation and thus may become a previously unrecognized player in this pathology [67]. The significant expansion of endothelial cells and, especially, collagen-expressing fibroblasts, observed by Liu et al. [65], had previously been observed in the central hypoxic part of keloids by Okuno et al. [68]. They reported a VIM   +   population with an increased expression of autophagy and glycolysis genes, such as LC3, HIF1A, or MCT4.




3.8. Leprosy


Leprosy is an immune-mediated illness produced by Mycobacterium leprae. Two common leprosy types are tuberculoid leprosy (T-lep) in which the host controls the bacteria via antimicrobial activity mediated by T-cell release of GNLY or IL26 and lepromatous leprosy (L-lep) with numerous skin lesions and abundant bacilli. L-lep patients may undergo a reversal reaction (RR) in which patients change from L-lep to T-lep.



Ma et al. [69] analyzed samples from RR and L-lep patients, to discern key factors between RR and L- lep patients. RR samples showed an enrichment of CD1A   +   dendritic cells, M1-like macrophages, and GCMB   +  PRF1   +  GNLY   +   T cells, previously described as amCTL cells. On the other hand, L-lep samples contained a higher proportion of plasma cells, IFN   +   macrophages (also observed by Hughes et al. [70]) and TREM2   +   macrophages. Trajectory analysis of macrophages showed a transition between L-lep TREM2   +   macrophages to RR M1 macrophages, passing through intermediary states, showing a possible transition mechanism in RR patients.



Keratinocytes from RR patients showed a proinflammatory signature (ILG36, KLK5, KLK7, CX3CL1, and S100A2), and interestingly, although L-lep samples showed a hyperproliferation of the spinous layer, they did not show any increase in a pro-inflammatory state. Lastly, fibroblasts from RR patients were enriched in SFRP2   +   and CXCL2   +   subtypes, which are also increased in inflamed states under other pathologies [40,70] and wound healing [71].



Finally, spatial transcriptomics of L-lep and RR lesions recapitulated the overall structure of granulomas in lepromatous patients. Both types of granulomas included a core of macrophages, surrounded by a mantle of lymphocytes. In RR granulomas, macrophages showed an antimicrobial profile by expression of CCL3 and CCL18, as well as T cells, which expressed GZMB, PRF1, CCL5, and CXCL1. Surrounding the granuloma, dendritic cells and CXCL12   +   pro-inflammatory fibroblasts were found, and near the epidermal layer, SFRP2   +   fibroblasts —corresponding to clusters B2 and A1 of healthy fibroblasts in Ascension et al. [35]. Interestingly, both types of fibroblasts showed a transcriptomic core of antimicrobial response as well.




3.9. Melanoma


The hallmark study on melanoma was published by Tirosh et al. [72]. They analyzed the transcriptome of malignant and non-malignant cells in 19 tumors and observed that malignant cells would be either in the MITF   +   (MITF   +  , TYR   +  , PMEL   +  ) or the AXL (AXL   +  , NGFR   +  ) programs. The main discovery in this paper was that expression patterns were not binary, i.e., tumors in the MITF or AXL program had a small population of cells with higher expression of AXL and MITF, respectively, not observed with bulk analysis. They observed that cells treated with RAF and MEK inhibitors—against the MITF program—showed a higher proportion of cells of the AXL   +   program. Those tumors already had a small AXL   +   population (<3%) before treatment, which favors a positive selection of the AXL   +   population as resistant to the therapy. In addition, cancer-associated fibroblasts (CAFs) expressed AXL, showing that CAF abundance might be linked to preferential expression of the AXL over the MITF program. More recently, Tang et al. [73] studied melanocytes in areas of skin with different sun exposure patterns. Chronically exposed areas (face) had a lower mutation burden, i.e., higher adaptation–than intermittently sun-exposed areas (back). Many of the mutations found in healthy skin are weakly oncogenic.




3.10. Psoriasis


Psoriasis is a complex pathology that implies dysfunctional signaling between immune cell types and keratinocytes in the skin. Keratinocytes show a complex transcriptomic profile where IL17, IL17RA, and IL17RC [40,70] as well as common inflammatory markers S100A7, S100A8, and S100A9 [40,43] are overexpressed in all skin layers (Figure 2). There is also a localized overexpression of IFI27 and PI3 in the suprabasal layer. Some of these results complement previous findings obtained by bulk microarray, GWAS, and NGS methods [56,59,74,75]. Such examples include the AD-like loss of differentiation signature from the top epidermal layers (FLG, LOR, KRT10, KRT1) and a loss of expression of genes involved in lipid metabolism (EVOLV3, FABP5) [74].



As it would be expected, Reynolds et al. found a decrease of basal markers and an increase of differentiation markers, implying a commitment of epidermal populations [40]. Moreover, keratinocytes also keep their hyperproliferative activity by overactivation of the urea cycle. ASS1 activity—an arginine pool maintainer—was expressed, while no arginine transporter expression was observed, indicating a de novo arginine synthesis for urea cycle activity [76].



Apoptosis may also constitute a relevant factor in psoriasis, since autoreactive peripheral cells from psoriatic plaques show decreased cell apoptosis rates [77]. IFI27 is a protein that leads to sensitization to IFN-mediated extrinsic apoptosis [78,79]. Interestingly, it has been observed that lesional differentiated keratinocytes [40], as well as granular keratinocytes and melanocytes [43], showed an increased expression of IFI27. Gao et al. observed an increased regulation of apoptosis in epidermal basal cells [80]. These bulk transcriptomic studies await replication by single-cell analysis.



Immune populations are also important in the inflammatory progression of psoriasis, with a consensus that dendritic cell (DC) populations are important in this process. Cheng et al. [43] discovered a CD1C   +  CD301A   +   DC population not previously described, and Hughes et al. [70] discovered an over-expression of CCL17, CCL22, and IL12B in an IRF4   +   DC population. Gao et al. and Kim et al. use ligand-receptor analysis to show that DCs bind to T-cells, melanocytes, and suprabasal keratinocytes using LILRB1 and LILRB2 [80] and to pericytes, fibroblasts, and basal epidermis using IL36G, WNT5A, and CD58 [81]. Most of these cell types overexpressed either MHC-I or MHC-II [81].



T cell populations are also key in the development of psoriasis, the most relevant being the CD8   +   and CD17   +  . Penkava et al. [82] found a particular CD8   +   T cell clonotype enriched in synovial fluid of patients with psoriatic arthritis. This clonotype, only found in synovial fluid and not in blood, expresses CXCR3, which binds to CXCL9, also only expressed in synovial fluid.



Liu et al. focused on CD8   +   T cell heterogeneity during psoriasis [65]. They observed some clusters present in psoriatic samples, which showed a general overexpression of CCR4, CCR8, CD69, and CXCL13, previously reported by Tirosh et al. [72] to be associated with exhausted tumor-infiltrating lymphocytes. Among the clusters, Tc1-like (IFGN   +  , TNF   +  ), cytotoxic (GZMA   +  , GZMK   +  ), and early-activated (CXCR3   hi  CCR7   lo  ) T cells were overrepresented.



Kim et al. determined a classification of T cells based on differential expression patterns of IL17A and IL17F [81]. On the one hand, IL17A   +   cells expressed high levels of inflammatory cytokines, such as IL26, CCL3, CCL4, and CCL5; and IL17A   +  IFNG   +   cells expressed TFs such as RORC or STAT4, inflammatory cytokines IL36G and TNF, and cytotoxic transcripts such as GZMA, GZMB. On the other hand, IL17F   +  IL10   +   cells expressed MAF, AHR, CD73, and IL1RN; and IL17F   +  IL10   −   cells expressed high levels of inflammatory cytokines IL1B, IL2, IL24, IL34, EBI3 and LTA.



Reynolds et al. discovered an enrichment of T cells and type 2 macrophages, which expressed stress genes (DNAJB1, HSPA1B, HSPA1A, JUN), chemotactic molecules (CCL4L2, CCL4, CCL3L1, CCL3) and angiopoietin. This macrophage population decreased after 12-week methotrexate treatment [70].




3.11. Systemic Lupus Erythematosus (SLE)


SLE is characterized by the production of auto-reactive antibodies against nuclear antigens such as ribonucleoproteins, dsDNA, and histones. Fibrosis has been associated with poor response to treatment. Skin is a potential target for SLE analysis because it is readily available, unlike other affected organs such as the kidney. Der et al. [83] studied skin and kidney biopsies from SLE patients using scRNA-seq and discovered an increased IFN-I response both in skin keratinocytes and in kidney tubular cells. Specifically, keratinocytes showed a hyperproliferative response and an increase of COL1A1 and COL17A1 expression.




3.12. Wound Healing


Wound healing is a highly structured process that involves an active immune response and ECM remodeling. Many pathologies are related to dysfunctional wound healing, e.g., diabetes-associated ulcers, which makes this topic highly interesting to be approached by single-cell methods. However, most studies are currently performed in animal models of disease.



Lim et al. [84] analyzed why large wounds resolve with hair and without scar in mice, whereas smaller wounds resolve with a scar. They observed that Gli1, Gli2, Ptch1, and Ptch2—hedgehog components or activators—were expressed in the center of the large (regenerative) wounds by a subset of myofibroblasts. Those myofibroblasts also expressed dermal papilla markers Hey1, Sema6a, and Wif1, indicating hair regeneration in that area. In contrast, in small wounds, fibroblasts showed Wnt2 and Wnt10 expression, but no hedgehog activity. Therefore, wound-induced de novo hair follicle generation requires both Wnt and hedgehog activity. Joost et al. [85] observed that Lgr5   +   cells, located in the hair follicle bulge, acquired an Lgr6   +  -like profile throughout the wound healing process. This process was mediated by an increase of interactions of Lgr5   +   cells with stromal cells from the surroundings. Once Lgr5   +   cells acquired Lgr6   +   IFE-like transcriptome, both Lgr5   +   and Lgr6   +   cells migrated to the wound front. Guerrero-Juarez et al. [86] detected two activated fibroblast populations, which differentiated into an Acta   +  Talgn   +   myofibroblast state. Some of those myofibroblasts were Lyz2   +   which, using lineage tracing, were shown to derive from the myeloid origin and differentiate into de novo adipocytes.



Haensel et al. [71] detected, in a comparison of wounded and unwounded skin, three different populations enriched in wounds: a Col17a   hi   population enriched in stem cells and with quiescent phenotype, an early response (ER) population enriched in immediate response genes, and a growth arrest (GA) population expressing cycle arrest genes with hypoxia and Tnf α  expression. In their analysis, they concluded that the Col17a   hi   population might activate into the ER population, which is necessary to transition into the GA population and react to stimuli in the migratory front.



Therefore, wound repair and scarring are orchestrated by many cell types, not only fibroblasts, but their specific effects are poorly understood [87]. More importantly, the clinical relevance of mouse work is uncertain, and human wound healing must be better understood. Pioneering clinical work by Theocharidis et al. found a COL7A1-expressing fibroblast population that was enriched in diabetic skin [88]. A combination of analyses led them to propose activation of IL13 and IFNG as a potential therapy for diabetic foot ulcer (DFU) healing. In a parallel effort, the transcriptomic profiles of 384 individual cells obtained from two patients that presented diabetic and non-diabetic foot ulcers have been reported [89]. However, this work illustrated that extracting viable cells from the highly degraded tissue setting of a chronic ulcer may sometimes be challenging. Two recent preprints on single-cell-based characterization of DFUs and pressure ulcers seem to have overcome these limitations [90,91]. Theocharidis et al. now analyze 94,325 cells from 26-foot samples from both healing and non-healing DFUs [90]. They report that fibroblasts with the transcriptomic signature MMP1, MMP3, IL6, CHI3L1, ASPN, POSTN, PLA2G2A, and TNFAIP6 are associated with good DFU healers. Of note, healing-associated fibroblasts present markers of healthy skin fibroblast subtypes B1 (PLA2G2A, TNFAIP6) and C3 (ASPN, POSTN) [35]. Li et al. analyze 1170 epidermal cells from the gluteal area of five pressure ulcer patients and report a novel MHCII   +   keratinocyte population overrepresented in patients with impaired healing [91]. In all, these articles demonstrate the potential of single-cell-based approaches for the development of novel patient-tailored therapies, and specifically to induce successful wound healing in chronic ulcers.





4. Challenges for the Translation of Single-Cell Based Results to the Clinic


Despite the fact that single-cell analysis has provided an impressive range of discoveries of highly complex dermatological processes, translation of the obtained insight into novel diagnostics and therapeutics development is still in its infancy [90,91]. In this section, we propose some technical, biological, and human aspects that might underlie this “valley of death” phenomenon.



4.1. Technical Challenges


Single-cell technologies are considered fairly recent, and novelty in any research technique comes with the inherent price of unreliability. Currently, there is a vast number of single-cell methods in use, most of them developed at academic groups, and with relatively small interoperability between them. Lack of industrial standardization can pose a threat to the reproducibility of results. Commercial products are quickly becoming the new standards, although the price of reagents is still a relevant limiting step for the cost-effectiveness of these methods. Newer methods like SPLIT-seq [92] can increase the throughput—from 10,000 cells to 100,000 cells—but their protocols are harder to implement and still lack standardization.



Additionally, single-cell methods suffer from low coverage—few mRNA molecules are captured per cell—and high variability—gene expression between similar cell types can vary considerably. Both effects can be explained by transcriptional bursting [93] and technical artifacts of sample processing [94]. Some of these artifacts can be managed computationally, by transforming zero or low expression values based on the transcriptomic profile of similar cells [95,96]. However, those methods can also produce mathematical artifacts and hinder the reproducibility of detection of marker genes and downstream analysis of the samples [97].



Due to the high costs of single-cell methods, the experimental design should consider whether to favor (i) more coverage with fewer cells—resolving more specific and subtle transcriptional programs [98]—or (ii) a shallower coverage including more cells—providing more diverse subpopulations or capturing the rare ones [99]. Over the last few years, single-cell studies have tended to favor a higher number of cells [6,11], mainly due to the interest in finding rarer subpopulations (i.e., stem cells or cells in differentiating states) that tend to not appear with lower cell numbers. In clinical studies, however, it would be feasible to apply a previous filtering step—e.g., using Fluorescence-activated Cell Sorting (FACS) cell sorting and sequence fewer cells at higher coverage to detect less common transcriptional programs.



Lastly, another factor to consider in experimental design is the batch effect. Sample handling should be minimized and performed in similar conditions to reduce this effect. Otherwise, datasets with strong batch effects can produce artifacts of cell types from different batches appearing more transcriptomically similar than similar cell types between them. A similar effect is observed with dataset integration, i.e., combining datasets from several experiments to produce a unified dataset with an increased cell number [100]. Batch effect correction and dataset integration is actively being researched [99], and several methods have acceptable results [101]. Nonetheless, these tools perform best with datasets with distinct cell types shared across datasets, and tend to perform worse if datasets are more continuous, highly-detailed [102], or have different dataset qualities, or varied size proportions [103,104]. Of note, special care should be taken because batch correction may merge different cell types, or overcorrect bona fide biological variation (due to age, disease, etc.) [100,105,106].




4.2. Biological Challenges


A poor understanding of biological variability sources on single-cell datasets can bias observations towards false-positive results. Sample handling is a crucial aspect of any genomics method, but especially in single-cell, where data are so sensitive to individual cell changes. Time and conservation media are important modifiers of transcriptomic profiles, e.g., late sample handling can bias gene expression towards cold-shock regulators and reduce the cellular expression [107], which can be falsely interpreted as a dedifferentiation process. Ideally, samples should be processed before 2 h post-extraction, which requires specific biopsy processing protocols not easily implemented in clinical routines. Preservation medium is also a critical choice on single-cell analysis [108]. Fine-tuning of different media for each tissue is optimal to achieve proper sample processing. For example, Mirizio et al. [109] used CryoStor CS10 in a pilot study with scleroderma samples and, although transcriptomic similarity with fresh samples was high in immune cells, fibroblasts and endothelial cells, the quality of keratinocyte and adipocyte populations was found to be compromised. Additionally, the skin presents a high ECM content and thus it is difficult to dissociate rapidly. Finally, the choice of isolating cells from epidermis, dermis, or whole skin preparations also requires fine-tuning of processing protocols.



An aspect that must be kept in mind is the potential lack of correlation of transcriptomic data with protein expression. Numerous post-translational modifications affect cellular physiology, and transcriptomic methods will be mostly blind to these. Therefore, if at all possible, analysis of the effector proteins should complement any mechanistic understanding emerging from single-cell RNA sequencing studies. The last biological aspect to be considered is sample heterogeneity, which is especially relevant for the different sources of human skin, as discussed previously [35,43].




4.3. Human Challenges


Similar to other experiments, human factors must be considered when designing any single-cell analysis. The hardest problems for the translation of single-cell methods are the difficulty of biopsy taking and the complexity of data analysis robustness. Biopsy taking of any affected area can be a traumatizing procedure for the patient, or even impossible depending on the location. Skin conditions offer some advantage on the location but biopsies are nonetheless disregarded unless completely necessary.



Additionally, single-cell data analysis is complex owing to the sparse nature of the datasets, i.e., gene expression is highly variable or even nonexistent. Correct analysis of these datasets requires biological expertise and an expert data analyst to understand dataset biases and take the correct decision on how to proceed. Incorrect analyses of datasets–especially large datasets requiring computationally intensive analyses–can result in incorrectly annotated populations or oversimplifications of complex cell states [33]. Moreover, translation of data analysis requires robust and standardized pipelines. Although the existence of software packages like scanpy or Seurat, broadly used by the single-cell community, helps to create standard pipelines [110,111], thresholding and QC/filtering decisions are usually arbitrarily decided, and far from being robustly implemented. Currently, some efforts into creating a start-to-end robust pipeline are being made [112], although these pipelines are not widely adopted by the single-cell community.





5. Opportunities for the Translation of Single-Cell Based Results to the Clinic


In this section, we propose possible novel diagnostic or therapeutic targets that can be readily translated to the clinic.



Regarding AD, there are several interesting targets. The CCR7/CCL19 axis, which was upregulated in diseased samples [39], has previously been studied [113], and peptides for dimerization inhibition have already been produced [114]. S100 and CRIP1, overexpressed in fibroblast populations described by He et al., are also interesting targets for inhibition. S100 family has already been associated with macrophage-mediated inflammation [115]. Amphiregulin is upregulated and promotes keratinocyte hyperproliferation, making inhibitors of EGF receptors putative targets for amphiregulin inhibition.



Two of the key pathways in the maintenance of keloids might be NOTCH1 and Eph-Ephrin pathways. NOTCH1 inhibitors [116,117], and Eph-Ephrin inhibitors [118,119], commonly used for cancer, might be of use in the initial stages of keloid.



MITF-AXL axis is key during melanoma development, and can easily condition the fate of targeted therapies. RAF and MEK inhibitors have shown a selection of the AXL   +  , MITF-resistant populations. AXL has been associated with a range of cancers with poor clinical outcomes [120]. Therefore, MITF- resistant populations could be targeted with AXL inhibitors, such as bemcentinib, currently in Phase II trials for different solid and hematological tumors. Moreover, the detection of circulating tumor cells with MITF/AXL bias might help optimize prognosis and treatment.



Psoriasis has been extensively studied using single-cell analysis, and there are several diagnostic and therapeutic targets for this disease. The detection of a CD1C   +  CD301A   +   dendritic cell population in psoriatic samples by FACS might be feasible as a differential diagnostic method. Since de novo arginine synthesis is necessary by keratinocytes to keep the urea cycle active during hyperproliferation, ASS1 is a potential topical inhibition target to reduce hyperproliferation in psoriatic patients. Interestingly, ASS1 is a metabolic regulator of colorectal cancer pathogenesis [121], although the inhibitor used in the study was an shRNA, which opens new ways for ASS1 molecule inhibitors.




6. Concluding Remarks


We have shown that single-cell methods are very useful to unravel tissue heterogeneity or to find details on how a physiological or disease process develops. Single-cell discoveries have a high translation potential in areas like cancer, where circulating tumor cell signatures can help diagnose, stratify, and treat cancers that otherwise would be much harder to study. However, considering all the previously mentioned challenges (such as robustness of analyses), single-cell methods in their current state are hardly implementable into clinical applications, due to the technical limitations on the achievable information from single-cell technologies. Additionally, greater involvement of dermatologists alongside the biological community is needed to achieve the full clinical potential of these tools. Despite these limitations, single-cell technologies represent rather a useful tool for basic discoveries on homeostasis and disease that can be later used for diagnostic and treatment purposes (Figure 3).



Big efforts are being put into the generation of single-cell datasets with consistent protocols, looking for transparency and reproducibility, such as the Human Cell Atlas [122], Tabula Muris [123], or the Human Tumor Network Atlas [124]. The single-cell era is showing the potential of open science, and this, applied to skin knowledge, will be of paramount importance to develop new diagnostic and treatment tools for the clinic, based on the basic knowledge acquired from the single-cell community. Currently, there is an opportunity for researchers on skin conditions to broaden these efforts and make an impact on dermatological disease understanding.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/life12010067/s1, Table S1: Presence of mouse fibroblast subpopulation markers in human fibroblast subpopulations.





Author Contributions


Conceptualization, A.M.A. and A.I.; writing—original draft preparation, A.M.A.; writing—review and editing, A.M.A., M.J.A.-B., A.I.; supervision, A.I.; project administration, M.J.A.-B., A.I.; funding acquisition, M.J.A.-B., A.I. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by Instituto de Salud Carlos III grants AC17/00012 and PI19/01621, co- funded by the European Union (ERDF/ESF, “Investing in your future”, and the project 4D-HEALING funded by the ERA-Net program EracoSysMed, JTC-2 2017, H2020 Grant Agreement No 643271). AMA was supported by Ph.D. fellowship PRE-2020-2-0081 from the Basque Government.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.




References


	



Madison, K.C. Barrier function of the skin: “La raison d’être” of the epidermis. J. Investig. Dermatol. 2003, 121, 231–241. [Google Scholar] [CrossRef] [PubMed]

	



Iribar, H.; Etxaniz, U.; Izeta, A. Diversity of adult stem cell niches in the dermal compartment of skin. Ref. Modul. Biomed. Sci. 2019, 255–263. [Google Scholar] [CrossRef]

	



Abdo, J.M.; Sopko, N.A.; Milner, S.M. The applied anatomy of Human skin: A model for regeneration. Wound Med. 2020, 28, 100179. [Google Scholar] [CrossRef]

	



Haydont, V.; Neiveyans, V.; Perez, P.; Busson, E.; Lataillade, J.J.; Asselineau, D.; Fortunel, N.O. Fibroblasts from the human skin dermo-hypodermal junction are distinct from dermal papillary and reticular fibroblasts and from mesenchymal stem cells and exhibit a specific molecular profile related to extracellular matrix organization and modeling. Cells 2020, 9, 368. [Google Scholar] [CrossRef] [PubMed]

	



Grün, D.; van Oudenaarden, A. Design and analysis of single-cell sequencing experiments. Cell 2015, 163, 799–810. [Google Scholar] [CrossRef] [PubMed]

	



Svensson, V.; da Veiga Beltrame, E.; Pachter, L. A curated database reveals trends in single-cell transcriptomics. Database 2020, 2020, baaa073. [Google Scholar] [CrossRef] [PubMed]

	



Breschi, A.; Muñoz Aguirre, M.; Wucher, V.; Davis, C.A.; Garrido-Martín, D.; Djebali, S.; Gillis, J.; Pervouchine, D.D.; Vlasova, A.; Dobin, A.; et al. A limited set of transcriptional programs define major cell types. Genome Res. 2020, 30, 1047–1059. [Google Scholar] [CrossRef]

	



Hwang, B.; Lee, J.H.; Bang, D. Single-cell RNA sequencing technologies and bioinformatics pipelines. Exp. Mol. Med. 2018, 50, 1–14. [Google Scholar] [CrossRef]

	



Choi, J.R.; Yong, K.W.; Choi, J.Y.; Cowie, A.C. Single-cell RNA sequencing and its combination with protein and DNA analyses. Cells 2020, 9, 1130. [Google Scholar] [CrossRef] [PubMed]

	



Stuart, T.; Satija, R. Integrative single-cell analysis. Nat. Rev. Genet. 2019, 20, 257–272. [Google Scholar] [CrossRef]

	



Svensson, V.; Vento-Tormo, R.; Teichmann, S.A. Exponential scaling of single-cell RNA-seq in the past decade. Nat. Protoc. 2018, 13, 599–604. [Google Scholar] [CrossRef]

	



Hartlmayr, D.; Ctortecka, C.; Seth, A.; Mendjan, S.; Tourniaire, G.; Mechtler, K. An automated workflow for label-free and multiplexed single cell proteomics sample preparation at unprecedented sensitivity. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Cong, Y.; Motamedchaboki, K.; Misal, S.A.; Liang, Y.; Guise, A.J.; Truong, T.; Huguet, R.; Plowey, E.D.; Zhu, Y.; Lopez-Ferrer, D.; et al. Ultrasensitive single-cell proteomics workflow identifies >1000 protein groups per mammalian cell. Chem. Sci. 2021, 12, 1001–1006. [Google Scholar] [CrossRef]

	



Vanderaa, C.; Gatto, L. Replication of single-cell proteomics data reveals important computational challenges. bioRxiv 2021. [Google Scholar] [CrossRef] [PubMed]

	



Peterson, V.M.; Zhang, K.X.; Kumar, N.; Wong, J.; Li, L.; Wilson, D.C.; Moore, R.; McClanahan, T.K.; Sadekova, S.; Klappenbach, J.A.; et al. Multiplexed quantification of proteins and transcripts in single cells. Nat. Biotechnol. 2017, 35, 936–939. [Google Scholar] [CrossRef] [PubMed]

	



Stoeckius, M.; Hafemeister, C.; Stephenson, W.; Houck-Loomis, B.; Chattopadhyay, P.K.; Swerdlow, H.; Satija, R.; Smibert, P. Simultaneous epitope and transcriptome measurement in single cells. Nat. Methods 2017, 14, 865–868. [Google Scholar] [CrossRef] [PubMed]

	



Mimitou, E.P.; Cheng, A.; Montalbano, A.; Hao, S.; Stoeckius, M.; Legut, M.; Roush, T.; Herrera, A.; Papalexi, E.; Ouyang, Z.; et al. Multiplexed detection of proteins, transcriptomes, clonotypes and CRISPR perturbations in single cells. Nat. Methods 2019, 16, 409–412. [Google Scholar] [CrossRef] [PubMed]

	



Peng, G.; Cui, G.; Ke, J.; Jing, N. Using single-cell and spatial transcriptomes to understand stem cell lineage specification during early embryo development. Annu. Rev. Genom. Hum. Genet. 2020, 21, 163–181. [Google Scholar] [CrossRef] [PubMed]

	



Asp, M.; Bergenstråhle, J.; Lundeberg, J. Spatially resolved transcriptomes–next generation tools for tissue exploration. BioEssays 2020, 42, 1900221. [Google Scholar] [CrossRef]

	



Marx, V. Method of the year: Spatially resolved transcriptomics. Nat. Methods 2021, 18, 9–14. [Google Scholar] [CrossRef] [PubMed]

	



Eng, C.H.L.; Lawson, M.; Zhu, Q.; Dries, R.; Koulena, N.; Takei, Y.; Yun, J.; Cronin, C.; Karp, C.; Yuan, G.C.; et al. Transcriptome-scale super-resolved imaging in tissues by RNA seqfish+. Nature 2019, 568, 235–239. [Google Scholar] [CrossRef] [PubMed]

	



Xia, C.; Fan, J.; Emanuel, G.; Hao, J.; Zhuang, X. Spatial transcriptome profiling by MERFISH reveals subcellular RNA compartmentalization and cell cycle-dependent gene expression. Proc. Natl. Acad. Sci. USA 2019, 116, 19490–19499. [Google Scholar] [CrossRef]

	



Wang, X.; Allen, W.E.; Wright, M.A.; Sylwestrak, E.L.; Samusik, N.; Vesuna, S.; Evans, K.; Liu, C.; Ramakrishnan, C.; Liu, J.; et al. Three-dimensional intact-tissue sequencing of single-cell transcriptional states. Science 2018, 361, eaat5691. [Google Scholar] [CrossRef]

	



Rodriques, S.G.; Stickels, R.R.; Goeva, A.; Martin, C.A.; Murray, E.; Vanderburg, C.R.; Welch, J.; Chen, L.M.; Chen, F.; Macosko, E.Z.; et al. Slide-seq: A scalable technology for measuring genome-wide expression at high spatial resolution. Science 2019, 363, 1463–1467. [Google Scholar] [CrossRef] [PubMed]

	



Ståhl, P.L.; Salmén, F.; Vickovic, S.; Lundmark, A.; Navarro, J.F.; Magnusson, J.; Giacomello, S.; Asp, M.; Westholm, J.O.; Huss, M.; et al. Visualization and analysis of gene expression in tissue sections by spatial transcriptomics. Science 2016, 353, 78–82. [Google Scholar] [CrossRef]

	



Wu, X.; Yang, B.; Udo-Inyang, I.; Ji, S.; Ozog, D.; Zhou, L.; Mi, Q.S. Research techniques made simple: Single-cell RNA sequencing and its applications in dermatology. J. Investig. Dermatol. 2018, 138, 1004–1009. [Google Scholar] [CrossRef] [PubMed]

	



Kim, D.; Chung, K.B.; Kim, T.G. Application of single-cell RNA sequencing on Human skin: Technical evolution and challenges. J. Dermatol. Sci. 2020, 99, 74–81. [Google Scholar] [CrossRef] [PubMed]

	



Deutsch, A.; McLellan, B.N.; Shinoda, K. Single-cell transcriptomics in dermatology. JAAD Int. 2020, 1, 182–188. [Google Scholar] [CrossRef]

	



Dubois, A.; Gopee, N.; Olabi, B.; Haniffa, M. Defining the skin cellular community using single-cell genomics to advance precision medicine. J. Investig. Dermatol. 2021, 141, 255–264. [Google Scholar] [CrossRef]

	



Zou, D.; Qi, J.; Wu, W.; Xu, D.; Tu, Y.; Liu, T.; Zhang, J.; Li, X.; Lu, F.; He, L.; et al. Applications of single-cell sequencing in dermatology. Med. Sci. Monit. 2021, 27, e931862-1–e931862-9. [Google Scholar] [CrossRef] [PubMed]

	



Vanlandewijck, M.; He, L.; Mäe, M.A.; Andrae, J.; Ando, K.; Del Gaudio, F.; Nahar, K.; Lebouvier, T.; Laviña, B.; Gouveia, L.; et al. A molecular atlas of cell types and zonation in the brain vasculature. Nature 2018, 554, 475–480. [Google Scholar] [CrossRef]

	



Waise, S.; Parker, R.; Rose-Zerilli, M.J.; Layfield, D.M.; Wood, O.; West, J.; Ottensmeier, C.H.; Thomas, G.J.; Hanley, C.J. An optimised tissue disaggregation and data processing pipeline for characterising fibroblast phenotypes using single-cell RNA sequencing. Sci. Rep. 2019, 9, 9580. [Google Scholar] [CrossRef] [PubMed]

	



Ascensión, A.M.; Araúzo-Bravo, M.J.; Izeta, A. The need to reassess single-cell RNA sequencing datasets: More is not always better. F1000Research 2021, 10, 767. [Google Scholar] [CrossRef]

	



Kim, H.J.; Shim, J.H.; Park, J.H.; Shin, H.T.; Shim, J.S.; Jang, K.T.; Park, W.Y.; Lee, K.H.; Kwon, E.J.; Jang, H.S.; et al. Single-cell RNA sequencing of human nail unit defines RSPO4 onychofibroblasts and spink6 nail epithelium. Commun. Biol. 2021, 4, 692. [Google Scholar] [CrossRef] [PubMed]

	



Ascensión, A.M.; Fuertes-Álvarez, S.; Ibañez Solé, O.; Izeta, A.; Araúzo-Bravo, M.J. Human dermal fibroblast subpopulations are conserved across single-cell RNA sequencing studies. J. Investig. Dermatol. 2021, 141, 1735–1744.e35. [Google Scholar] [CrossRef] [PubMed]

	



Tabib, T.; Morse, C.; Wang, T.; Chen, W.; Lafyatis, R. SFRP2/DPP4 and FMO1/LSP1 define major fibroblast populations in human skin. J. Investig. Dermatol. 2018, 138, 802–810. [Google Scholar] [CrossRef]

	



Vorstandlechner, V.; Laggner, M.; Kalinina, P.; Haslik, W.; Radtke, C.; Shaw, L.; Lichtenberger, B.M.; Tschachler, E.; Ankersmit, H.J.; Mildner, M.; et al. Deciphering the functional heterogeneity of skin fibroblasts using single-cell RNA sequencing. FASEB J. 2020, 34, 3677–3692. [Google Scholar] [CrossRef] [PubMed]

	



Solé-Boldo, L.; Raddatz, G.; Schütz, S.; Mallm, J.P.; Rippe, K.; Lonsdorf, A.S.; Rodríguez-Paredes, M.; Lyko, F. Single-cell transcriptomes of the human skin reveal age-related loss of fibroblast priming. Commun. Biol. 2020, 3, 188. [Google Scholar] [CrossRef]

	



He, H.; Suryawanshi, H.; Morozov, P.; Gay-Mimbrera, J.; Del Duca, E.; Kim, H.J.; Kameyama, N.; Estrada, Y.; Der, E.; Krueger, J.G.; et al. Single-cell transcriptome analysis of human skin identifies novel fibroblast subpopulation and enrichment of immune subsets in atopic dermatitis. J. Allergy Clin. Immunol. 2020, 145, 1615–1628. [Google Scholar] [CrossRef]

	



Reynolds, G.; Vegh, P.; Fletcher, J.; Poyner, E.F.; Stephenson, E.; Goh, I.; Botting, R.A.; Huang, N.; Olabi, B.; Dubois, A.; et al. Developmental cell programs are co-opted in inflammatory skin disease. Science 2021, 371, eaba6500. [Google Scholar] [CrossRef]

	



Buechler, M.B.; Pradhan, R.N.; Krishnamurty, A.T.; Cox, C.; Calviello, A.K.; Wang, A.W.; Yang, Y.A.; Tam, L.; Caothien, R.; Roose-Girma, M.; et al. Cross-tissue organization of the fibroblast lineage. Nature 2021, 593, 575–579. [Google Scholar] [CrossRef]

	



He, S.; Wang, L.H.; Liu, Y.; Li, Y.Q.; Chen, H.T.; Xu, J.H.; Peng, W.; Lin, G.W.; Wei, P.P.; Li, B.; et al. Single-cell transcriptome profiling of an adult human cell atlas of 15 major organs. Genome Biol. 2020, 21, 294. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, J.B.; Sedgewick, A.J.; Finnegan, A.I.; Harirchian, P.; Lee, J.; Kwon, S.; Fassett, M.S.; Golovato, J.; Gray, M.; Ghadially, R.; et al. Transcriptional programming of normal and inflamed human epidermis at single-cell resolution. Cell Rep. 2018, 25, 871–883. [Google Scholar] [CrossRef] [PubMed]

	



Finnegan, A.; Cho, R.J.; Luu, A.; Harirchian, P.; Lee, J.; Cheng, J.B.; Song, J.S. Single-cell transcriptomics reveals spatial and temporal turnover of keratinocyte differentiation regulators. Front. Genet. 2019, 10, 775. [Google Scholar] [CrossRef] [PubMed]

	



Wang, S.; Drummond, M.L.; Guerrero-Juarez, C.F.; Tarapore, E.; MacLean, A.L.; Stabell, A.R.; Wu, S.C.; Gutierrez, G.; That, B.T.; Benavente, C.A.; et al. Single cell transcriptomics of human epidermis identifies basal stem cell transition states. Nat. Commun. 2020, 11, 4239. [Google Scholar] [CrossRef] [PubMed]

	



Enzo, E.; Secone Seconetti, A.; Forcato, M.; Tenedini, E.; Polito, M.P.; Sala, I.; Carulli, S.; Contin, R.; Peano, C.; Tagliafico, E.; et al. Single-keratinocyte transcriptomic analyses identify different clonal types and proliferative potential mediated by FOXM1 in human epidermal stem cells. Nat. Commun. 2021, 12, 2505. [Google Scholar] [CrossRef] [PubMed]

	



Joost, S.; Zeisel, A.; Jacob, T.; Sun, X.; La Manno, G.; Lönnerberg, P.; Linnarsson, S.; Kasper, M. Single-cell transcriptomics reveals that differentiation and spatial signatures shape epidermal and hair follicle heterogeneity. Cell Syst. 2016, 3, 221–237.e9. [Google Scholar] [CrossRef]

	



Takahashi, R.; Grzenda, A.; Allison, T.F.; Rawnsley, J.; Balin, S.J.; Sabri, S.; Plath, K.; Lowry, W.E. Defining transcriptional signatures of human hair follicle cell states. J. Investig. Dermatol. 2020, 140, 764–773.e4. [Google Scholar] [CrossRef] [PubMed]

	



Lin, Z.; Jin, S.; Chen, J.; Li, Z.; Lin, Z.; Tang, L.; Nie, Q.; Andersen, B. Murine interfollicular epidermal differentiation is gradualistic with GRHL3 controlling progression from stem to transition cell states. Nat. Commun. 2020, 11, 5434. [Google Scholar] [CrossRef]

	



Fattore, L.; Ruggiero, C.F.; Liguoro, D.; Mancini, R.; Ciliberto, G. Single Cell Analysis to dissect molecular heterogeneity and disease evolution in metastatic melanoma. Cell Death Dis. 2019, 10, 827. [Google Scholar] [CrossRef]

	



Lichtenberger, B.M.; Kasper, M. Cellular heterogeneity and microenvironmental control of skin cancer. J. Intern. Med. 2020, 289, 614–628. [Google Scholar] [CrossRef]

	



Korsunsky, I.; Wei, K.; Pohin, M.; Kim, E.Y.; Barone, F.; Kang, J.B.; Friedrich, M.; Turner, J.; Nayar, S.; Fisher, B.A.; et al. Cross-tissue, single-cell stromal atlas identifies shared pathological fibroblast phenotypes in four chronic inflammatory diseases. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Salzer, M.C.; Lafzi, A.; Berenguer-Llergo, A.; Youssif, C.; Castellanos, A.; Solanas, G.; Peixoto, F.O.; Stephan-Otto Attolini, C.; Prats, N.; Aguilera, M.; et al. Identity noise and adipogenic traits characterize dermal fibroblast aging. Cell 2018, 175, 1575–1590.e22. [Google Scholar] [CrossRef]

	



Zou, Z.; Long, X.; Zhao, Q.; Zheng, Y.; Song, M.; Ma, S.; Jing, Y.; Wang, S.; He, Y.; Esteban, C.R.; et al. A single-cell transcriptomic atlas of human skin aging. Dev. Cell 2021, 56, 383–397.e8. [Google Scholar] [CrossRef] [PubMed]

	



Haydont, V.; Neiveyans, V.; Zucchi, H.; Fortunel, N.O.; Asselineau, D. Genome-wide profiling of adult human papillary and reticular fibroblasts identifies Acan, Col Xi α1, and PSG1 as general biomarkers of dermis ageing, and kank4 as an exemplary effector of papillary fibroblast ageing, related to contractility. Mech. Ageing Dev. 2019, 177, 157–181. [Google Scholar] [CrossRef] [PubMed]

	



Schwingen, J.; Kaplan, M.; Kurschus, F.C. Review–current concepts in inflammatory skin diseases evolved by transcriptome analysis: In-depth analysis of atopic dermatitis and psoriasis. Int. J. Mol. Sci. 2020, 21, 699. [Google Scholar] [CrossRef]

	



Ghosh, D.; Ding, L.; Sivaprasad, U.; Geh, E.; Biagini Myers, J.; Bernstein, J.A.; Khurana Hershey, G.K.; Mersha, T.B. Multiple transcriptome data analysis reveals biologically relevant atopic dermatitis signature genes and pathways. PLoS ONE 2015, 10, e0144316. [Google Scholar] [CrossRef]

	



Bin, L.; Leung, D.Y. Genetic and epigenetic studies of atopic dermatitis. Allergy Asthma Clin. Immunol. 2016, 12, 52. [Google Scholar] [CrossRef]

	



Tsoi, L.C.; Rodriguez, E.; Degenhardt, F.; Baurecht, H.; Wehkamp, U.; Volks, N.; Szymczak, S.; Swindell, W.R.; Sarkar, M.K.; Raja, K.; et al. Atopic dermatitis is an IL-13–dominant disease with greater molecular heterogeneity compared to psoriasis. J. Investig. Dermatol. 2019, 139, 1480–1489. [Google Scholar] [CrossRef]

	



Rojahn, T.B.; Vorstandlechner, V.; Krausgruber, T.; Bauer, W.M.; Alkon, N.; Bangert, C.; Thaler, F.M.; Sadeghyar, F.; Fortelny, N.; Gernedl, V.; et al. Single-cell transcriptomics combined with interstitial fluid proteomics defines cell type–specific immune regulation in atopic dermatitis. J. Allergy Clin. Immunol. 2020, 146, 1056–1069. [Google Scholar] [CrossRef]

	



Gaydosik, A.M.; Tabib, T.; Geskin, L.J.; Bayan, C.A.; Conway, J.F.; Lafyatis, R.; Fuschiotti, P. Single-cell lymphocyte heterogeneity in advanced cutaneous T-cell lymphoma skin tumors. Clin. Cancer Res. 2019, 25, 4443–4454. [Google Scholar] [CrossRef]

	



Kim, D.; Kobayashi, T.; Voisin, B.; Jo, J.H.; Sakamoto, K.; Jin, S.P.; Kelly, M.; Pasieka, H.B.; Naff, J.L.; Meyerle, J.H.; et al. Targeted therapy guided by single-cell transcriptomic analysis in drug-induced hypersensitivity syndrome: A case report. Nat. Med. 2020, 26, 236–243. [Google Scholar] [CrossRef]

	



Kalekar, L.A.; Cohen, J.N.; Prevel, N.; Sandoval, P.M.n.; Mathur, A.N.; Moreau, J.M.; Lowe, M.M.; Nosbaum, A.; Wolters, P.J.; Haemel, A.; et al. Regulatory T cells in skin are uniquely poised to suppress profibrotic immune responses. Sci. Immunol. 2019, 4, eaaw2910. [Google Scholar] [CrossRef] [PubMed]

	



Devitt, K.; Hanson, S.J.; Tuong, Z.K.; McMeniman, E.; Soyer, H.P.; Frazer, I.H.; Lukowski, S.W. Single-cell RNA sequencing reveals cell type-specific HPV expression in hyperplastic skin lesions. Virology 2019, 537, 14–19. [Google Scholar] [CrossRef] [PubMed]

	



Liu, J.; Chang, H.W.; Huang, Z.M.; Nakamura, M.; Sekhon, S.; Ahn, R.; Munoz-Sandoval, P.; Bhattarai, S.; Beck, K.M.; Sanchez, I.M.; et al. Single-cell RNA sequencing of psoriatic skin identifies pathogenic TC17 cell subsets and reveals distinctions between CD8+ T cells in autoimmunity and cancer. J. Allergy Clin. Immunol. 2021, 147, 2370–2380. [Google Scholar] [CrossRef]

	



Deng, C.C.; Hu, Y.F.; Zhu, D.H.; Cheng, Q.; Gu, J.J.; Feng, Q.L.; Zhang, L.X.; Xu, Y.P.; Wang, D.; Rong, Z.; et al. Single-cell RNA-seq reveals fibroblast heterogeneity and increased mesenchymal fibroblasts in human fibrotic skin diseases. Nat. Commun. 2021, 12, 3709. [Google Scholar] [CrossRef] [PubMed]

	



Direder, M.; Weiss, T.; Copic, D.; Vorstandlechner, V.; Laggner, M.; Mildner, C.S.; Klas, K.; Bormann, D.; Haslik, W.; Radtke, C.; et al. Schwann cells contribute to Keloid Formation. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Okuno, R.; Ito, Y.; Eid, N.; Otsuki, Y.; Kondo, Y.; Ueda, K. Upregulation of autophagy and glycolysis markers in keloid hypoxic-zone fibroblasts: Morphological characteristics and implications. Histol. Histopathol. 2018, 33, 1075–1087. [Google Scholar] [CrossRef]

	



Ma, F.; Hughes, T.K.; Teles, R.M.; Andrade, P.R.; de Andrade Silva, B.J.; Plazyo, O.; Tsoi, L.C.; Do, T.; Wadsworth, M.H.; Oulee, A.; et al. Single cell and spatial transcriptomics defines the cellular architecture of the antimicrobial response network in human leprosy granulomas. bioRxiv 2020. [Google Scholar] [CrossRef]

	



Hughes, T.K.; Wadsworth, M.H.; Gierahn, T.M.; Do, T.; Weiss, D.; Andrade, P.R.; Ma, F.; de Andrade Silva, B.J.; Shao, S.; Tsoi, L.C.; et al. Second-strand synthesis-based massively parallel scrna-seq reveals cellular states and molecular features of human inflammatory skin pathologies. Immunity 2020, 53, 878–894.e7. [Google Scholar] [CrossRef]

	



Haensel, D.; Jin, S.; Sun, P.; Cinco, R.; Dragan, M.; Nguyen, Q.; Cang, Z.; Gong, Y.; Vu, R.; MacLean, A.L.; et al. Defining epidermal basal cell states during skin homeostasis and wound healing using single-cell transcriptomics. Cell Rep. 2020, 30, 3932–3947.e6. [Google Scholar] [CrossRef]

	



Tirosh, I.; Izar, B.; Prakadan, S.M.; Wadsworth, M.H.; Treacy, D.; Trombetta, J.J.; Rotem, A.; Rodman, C.; Lian, C.; Murphy, G.; et al. Dissecting the multicellular ecosystem of metastatic melanoma by single-cell RNA-seq. Science 2016, 352, 189–196. [Google Scholar] [CrossRef] [PubMed]

	



Tang, J.; Fewings, E.; Chang, D.; Zeng, H.; Liu, S.; Jorapur, A.; Belote, R.L.; McNeal, A.S.; Tan, T.M.; Yeh, I.; et al. The genomic landscapes of individual melanocytes from human skin. Nature 2020, 586, 600–605. [Google Scholar] [CrossRef] [PubMed]

	



Rioux, G.; Ridha, Z.; Simard, M.; Turgeon, F.; Guérin, S.L.; Pouliot, R. Transcriptome profiling analyses in psoriasis: A dynamic contribution of keratinocytes to the pathogenesis. Genes 2020, 11, 1155. [Google Scholar] [CrossRef]

	



Aydin, B.; Arga, K.Y.; Karadag, A.S. Omics-driven biomarkers of psoriasis: Recent insights, current challenges, and future prospects. Clin. Cosmet. Investig. Dermatol. 2020, 13, 611–625. [Google Scholar] [CrossRef]

	



Lou, F.; Sun, Y.; Xu, Z.; Niu, L.; Wang, Z.; Deng, S.; Liu, Z.; Zhou, H.; Bai, J.; Yin, Q.; et al. Excessive polyamine generation in keratinocytes promotes self-RNA sensing by dendritic cells in psoriasis. Immunity 2020, 53, 204–216.e10. [Google Scholar] [CrossRef] [PubMed]

	



Krawczyk, A.; Miśkiewicz, J.; Strzelec, K.; Wcisło-Dziadecka, D.; Strzalka-Mrozik, B. Apoptosis in autoimmunological diseases, with particular consideration of molecular aspects of psoriasis. Med. Sci. Monit. 2020, 26, e922035-1–e922035-13. [Google Scholar] [CrossRef]

	



Rosebeck, S.; Leaman, D.W. Mitochondrial localization and pro-apoptotic effects of the interferon-inducible protein ISG12A. Apoptosis 2008, 13, 562–572. [Google Scholar] [CrossRef]

	



Gytz, H.; Hansen, M.F.; Skovbjerg, S.; Kristensen, A.C.; Hørlyck, S.; Jensen, M.B.; Fredborg, M.; Markert, L.D.; McMillan, N.A.; Christensen, E.I.; et al. Apoptotic properties of the type 1 interferon induced family of human mitochondrial membrane ISG12 proteins. Biol. Cell 2016, 109, 94–112. [Google Scholar] [CrossRef]

	



Gao, Y.; Yao, X.; Zhai, Y.; Li, L.; Li, H.; Sun, X.; Yu, P.; Xue, T.; Li, Y.; Hu, Y.; et al. Single cell transcriptional zonation of human psoriasis skin identifies an alternative immunoregulatory axis conducted by skin resident cells. Cell Death Dis. 2021, 12, 450. [Google Scholar] [CrossRef]

	



Kim, J.; Lee, J.; Kim, H.J.; Kameyama, N.; Nazarian, R.; Der, E.; Cohen, S.; Guttman-Yassky, E.; Putterman, C.; Krueger, J.G.; et al. Single-cell transcriptomics applied to emigrating cells from psoriasis elucidate pathogenic versus regulatory immune cell subsets. J. Allergy Clin. Immunol. 2021, 148, 1281–1292. [Google Scholar] [CrossRef] [PubMed]

	



Penkava, F.; Velasco-Herrera, M.D.; Young, M.D.; Yager, N.; Nwosu, L.N.; Pratt, A.G.; Lara, A.L.; Guzzo, C.; Maroof, A.; Mamanova, L.; et al. Single-cell sequencing reveals clonal expansions of pro-inflammatory synovial CD8 T cells expressing tissue-homing receptors in psoriatic arthritis. Nat. Commun. 2020, 11, 4767. [Google Scholar] [CrossRef] [PubMed]

	



Der, E.; Suryawanshi, H.; Morozov, P.; Kustagi, M.; Goilav, B.; Ranabothu, S.; Izmirly, P.; Clancy, R.; Belmont, H.M.; Koenigsberg, M.; et al. Tubular cell and keratinocyte single-cell transcriptomics applied to lupus nephritis reveal type I IFN and fibrosis relevant pathways. Nat. Immunol. 2019, 20, 915–927. [Google Scholar] [CrossRef]

	



Lim, C.H.; Sun, Q.; Ratti, K.; Lee, S.H.; Zheng, Y.; Takeo, M.; Lee, W.; Rabbani, P.; Plikus, M.V.; Cain, J.E.; et al. Hedgehog stimulates hair follicle neogenesis by creating inductive dermis during murine skin wound healing. Nat. Commun. 2018, 9, 4903. [Google Scholar] [CrossRef] [PubMed]

	



Joost, S.; Jacob, T.; Sun, X.; Annusver, K.; La Manno, G.; Sur, I.; Kasper, M. Single-cell transcriptomics of traced epidermal and hair follicle stem cells reveals rapid adaptations during wound healing. Cell Rep. 2018, 25, 585–597.e7. [Google Scholar] [CrossRef] [PubMed]

	



Guerrero-Juarez, C.F.; Dedhia, P.H.; Jin, S.; Ruiz-Vega, R.; Ma, D.; Liu, Y.; Yamaga, K.; Shestova, O.; Gay, D.L.; Yang, Z.; et al. Single-cell analysis reveals fibroblast heterogeneity and myeloid-derived adipocyte progenitors in murine skin wounds. Nat. Commun. 2019, 10, 650. [Google Scholar] [CrossRef]

	



Jiang, D.; Rinkevich, Y. Distinct fibroblasts in scars and regeneration. Curr. Opin. Genet. Dev. 2021, 70, 7–14. [Google Scholar] [CrossRef]

	



Theocharidis, G.; Baltzis, D.; Roustit, M.; Tellechea, A.; Dangwal, S.; Khetani, R.S.; Shu, B.; Zhao, W.; Fu, J.; Bhasin, S.; et al. Integrated skin transcriptomics and serum multiplex assays reveal novel mechanisms of wound healing in diabetic foot ulcers. Diabetes 2020, 69, 2157–2169. [Google Scholar] [CrossRef]

	



Januszyk, M.; Chen, K.; Henn, D.; Foster, D.S.; Borrelli, M.R.; Bonham, C.A.; Sivaraj, D.; Wagh, D.; Longaker, M.T.; Wan, D.C.; et al. Characterization of diabetic and non-diabetic foot ulcers using single-cell RNA-sequencing. Micromachines 2020, 11, 815. [Google Scholar] [CrossRef]

	



Theocharidis, G.; Thomas, B.E.; Sarkar, D.; Pilcher, W.J.; Dwivedi, B.; Sandoval-Schaefer, T.; Sîrbulescu, R.F.; Kafanas, A.; Mezghani, I.; Wang, P.; et al. Single cell transcriptomic landscape of diabetic foot ulcers. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Li, D.; Cheng, S.; Pei, Y.; Sommar, P.; Kärner, J.; Herter, E.K.; Toma, M.A.; Zhang, L.; Pham, K.; Cheung, Y.T.; et al. Single-cell analysis reveals MHCII expressing keratinocytes in pressure ulcers with worse healing outcomes. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Rosenberg, A.B.; Roco, C.M.; Muscat, R.A.; Kuchina, A.; Sample, P.; Yao, Z.; Graybuck, L.T.; Peeler, D.J.; Mukherjee, S.; Chen, W.; et al. Single-cell profiling of the developing mouse brain and spinal cord with split-pool barcoding. Science 2018, 360, 176–182. [Google Scholar] [CrossRef]

	



Raj, A.; van den Bogaard, P.; Rifkin, S.A.; van Oudenaarden, A.; Tyagi, S. Imaging individual mrna molecules using multiple singly labeled probes. Nat. Methods 2008, 5, 877–879. [Google Scholar] [CrossRef]

	



Stegle, O.; Teichmann, S.A.; Marioni, J.C. Computational and analytical challenges in single-cell transcriptomics. Nat. Rev. Genet. 2015, 16, 133–145. [Google Scholar] [CrossRef]

	



Hou, W.; Ji, Z.; Ji, H.; Hicks, S.C. A systematic evaluation of single-cell RNA-sequencing imputation methods. bioRxiv 2020. [Google Scholar] [CrossRef]

	



Wagner, F.; Yan, Y.; Yanai, I. K-nearest neighbor smoothing for high-throughput single-cell RNA-seq data. bioRxiv 2017. [Google Scholar] [CrossRef]

	



Andrews, T.S.; Hemberg, M. False signals induced by single-cell imputation. F1000Research 2019, 7, 1740. [Google Scholar] [CrossRef] [PubMed]

	



Heimberg, G.; Bhatnagar, R.; El-Samad, H.; Thomson, M. Low dimensionality in gene expression data enables the accurate extraction of transcriptional programs from shallow sequencing. Cell Syst. 2016, 2, 239–250. [Google Scholar] [CrossRef]

	



Lähnemann, D.; Köster, J.; Szczurek, E.; McCarthy, D.J.; Hicks, S.C.; Robinson, M.D.; Vallejos, C.A.; Campbell, K.R.; Beerenwinkel, N.; Mahfouz, A.; et al. Eleven grand challenges in single-cell data science. Genome Biol. 2020, 21, 31. [Google Scholar] [CrossRef]

	



Shafer, M.E. Cross-species analysis of single-cell transcriptomic data. Front. Cell Dev. Biol. 2019, 7, 175. [Google Scholar] [CrossRef] [PubMed]

	



Tran, H.T.; Ang, K.S.; Chevrier, M.; Zhang, X.; Lee, N.Y.; Goh, M.; Chen, J. A benchmark of batch-effect correction methods for single-cell RNA sequencing data. Genome Biol. 2020, 21, 12. [Google Scholar] [CrossRef] [PubMed]

	



Abdelaal, T.; Michielsen, L.; Cats, D.; Hoogduin, D.; Mei, H.; Reinders, M.J.; Mahfouz, A. A comparison of automatic cell identification methods for single-cell RNA sequencing data. Genome Biol. 2019, 20, 194. [Google Scholar] [CrossRef] [PubMed]

	



Zhao, X.; Wu, S.; Fang, N.; Sun, X.; Fan, J. Evaluation of single-cell classifiers for single-cell RNA sequencing data sets. Briefings Bioinform. 2019, 21, 1581–1595. [Google Scholar] [CrossRef] [PubMed]

	



Forcato, M.; Romano, O.; Bicciato, S. Computational methods for the integrative analysis of single-cell data. Briefings Bioinform. 2020, 22, 20–29. [Google Scholar] [CrossRef] [PubMed]

	



Luecken, M.D.; Theis, F.J. Current best practices in single-cell RNA-SEQ Analysis: A tutorial. Mol. Syst. Biol. 2019, 15, e8746. [Google Scholar] [CrossRef]

	



Amezquita, R.A.; Lun, A.T.; Becht, E.; Carey, V.J.; Carpp, L.N.; Geistlinger, L.; Marini, F.; Rue-Albrecht, K.; Risso, D.; Soneson, C.; et al. Orchestrating single-cell analysis with bioconductor. Nat. Methods 2019, 17, 137–145. [Google Scholar] [CrossRef]

	



Massoni-Badosa, R.; Iacono, G.; Moutinho, C.; Kulis, M.; Palau, N.; Marchese, D.; Rodríguez-Ubreva, J.; Ballestar, E.; Rodriguez-Esteban, G.; Marsal, S.; et al. Sampling time-dependent artifacts in single-cell genomics studies. Genome Biol. 2020, 21, 112. [Google Scholar] [CrossRef]

	



Wohnhaas, C.T.; Leparc, G.G.; Fernandez-Albert, F.; Kind, D.; Gantner, F.; Viollet, C.; Hildebrandt, T.; Baum, P. DMSO cryopreservation is the method of choice to preserve cells for droplet-based single-cell RNA sequencing. Sci. Rep. 2019, 9, 10699. [Google Scholar] [CrossRef]

	



Mirizio, E.; Tabib, T.; Wang, X.; Chen, W.; Liu, C.; Lafyatis, R.; Jacobe, H.; Torok, K.S. Single-cell transcriptome conservation in a comparative analysis of fresh and cryopreserved human skin tissue: Pilot in localized scleroderma. Arthritis Res. Ther. 2020, 22, 263. [Google Scholar] [CrossRef]

	



Wolf, F.A.; Angerer, P.; Theis, F.J. Scanpy: Large-scale single-cell gene expression data analysis. Genome Biol. 2018, 19, 15. [Google Scholar] [CrossRef]

	



Hao, Y.; Hao, S.; Andersen-Nissen, E.; Mauck, W.M.; Zheng, S.; Butler, A.; Lee, M.J.; Wilk, A.J.; Darby, C.; Zager, M.; et al. Integrated Analysis of multimodal single-cell data. Cell 2021, 184, 3573–3587.e29. [Google Scholar] [CrossRef] [PubMed]

	



Khozoie, C.; Fancy, N.; Marjaneh, M.M.; Murphy, A.E.; Matthews, P.M.; Skene, N. ScFlow: A scalable and reproducible analysis pipeline for single-cell RNA sequencing data. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Bosè, F.; Petti, L.; Diani, M.; Moscheni, C.; Molteni, S.; Altomare, A.; Rossi, R.L.; Talarico, D.; Fontana, R.; Russo, V.; et al. Inhibition of CCR7/CCL19 axis in lesional skin is a critical event for clinical remission induced by TNF blockade in patients with psoriasis. Am. J. Pathol. 2013, 183, 413–421. [Google Scholar] [CrossRef] [PubMed]

	



Kobayashi, D.; Endo, M.; Ochi, H.; Hojo, H.; Miyasaka, M.; Hayasaka, H. Regulation of CCR7-dependent cell migration through&nbsp;CCR7 homodimer formation. Sci. Rep. 2017, 7, 8536. [Google Scholar] [CrossRef] [PubMed]

	



Xia, C.; Braunstein, Z.; Toomey, A.C.; Zhong, J.; Rao, X. S100 proteins as an important regulator of macrophage inflammation. Front. Immunol. 2018, 8, 1908. [Google Scholar] [CrossRef]

	



Espinoza, I.; Miele, L. Notch inhibitors for cancer treatment. Pharmacol. Ther. 2013, 139, 95–110. [Google Scholar] [CrossRef]

	



Mancarella, S.; Serino, G.; Dituri, F.; Cigliano, A.; Ribback, S.; Wang, J.; Chen, X.; Calvisi, D.F.; Giannelli, G. CRENIGACESTAT, a selective NOTCH1 inhibitor, reduces intrahepatic cholangiocarcinoma progression by blocking VEGFA/DLL4/mmp13 axis. Cell Death Differ. 2020, 27, 2330–2343. [Google Scholar] [CrossRef]

	



Megiorni, F.; Gravina, G.L.; Camero, S.; Ceccarelli, S.; Del Fattore, A.; Desiderio, V.; Papaccio, F.; McDowell, H.P.; Shukla, R.; Pizzuti, A.; et al. Pharmacological targeting of the ephrin receptor kinase signalling by GLPG1790 in vitro and in vivo reverts oncophenotype, induces myogenic differentiation and radiosensitizes embryonal rhabdomyosarcoma cells. J. Hematol. Oncol. 2017, 10, 161. [Google Scholar] [CrossRef]

	



Festuccia, C.; Gravina, G.L.; Giorgio, C.; Mancini, A.; Pellegrini, C.; Colapietro, A.; Delle Monache, S.; Maturo, M.G.; Sferra, R.; Chiodelli, P.; et al. UNIPR1331, a small molecule targeting Eph/ephrin interaction, prolongs survival in glioblastoma and potentiates the effect of antiangiogenic therapy in mice. Oncotarget 2018, 9, 24347–24363. [Google Scholar] [CrossRef]

	



Davidsen, K.T.; Haaland, G.S.; Lie, M.K.; Lorens, J.B.; Engelsen, A.S. The role of axl receptor tyrosine kinase in tumor cell plasticity and therapy resistance. In Biomarkers of the Tumor Microenvironment; Springer: Berlin/Heidelberg, Germany, 2017; pp. 351–376. [Google Scholar] [CrossRef]

	



Bateman, L.A.; Ku, W.M.; Heslin, M.J.; Contreras, C.M.; Skibola, C.F.; Nomura, D.K. Argininosuccinate synthase 1 is a metabolic regulator of colorectal cancer pathogenicity. ACS Chem. Biol. 2017, 12, 905–911. [Google Scholar] [CrossRef]

	



Regev, A.; Teichmann, S.A.; Lander, E.S.; Amit, I.; Benoist, C.; Birney, E.; Bodenmiller, B.; Campbell, P.; Carninci, P.; Clatworthy, M.; et al. The Human Cell Atlas. eLife 2017, 6, e27041. [Google Scholar] [CrossRef] [PubMed]

	



Consortium, T.M. Single-cell transcriptomics of 20 mouse organs creates a tabula muris. Nature 2018, 562, 367–372. [Google Scholar] [CrossRef] [PubMed]

	



Rozenblatt-Rosen, O.; Regev, A.; Shin, J.W.; Rood, J.E.; Hupalowska, A.; Regev, A.; Heyn, H. Building a high-quality human cell atlas. Nat. Biotechnol. 2021, 39, 149–153. [Google Scholar] [CrossRef] [PubMed]








[image: Life 12 00067 g001 550] 





Figure 1. Localization of dermal fibroblast subpopulations as described by Ascensión et al. [33]. Type A, B and C cells are not compartmentalized to the papillary or reticular dermis. As observed from cell type markers and immunofluorescence assays, C3 fibroblasts might be associated with the hair follicle dermal papilla, C2 might interact with adipose cells from the dermal white adipose tissue (DWAT)/hypodermis, and B-type fibroblasts might interact with blood vessels. 
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Figure 2. Single-cell analyses shed light on the intercellular signaling underlying dermatological disease. In AD (top panel), dendritic cells (DCs) and macrophages (MØ) interact with basal keratinocytes via amphiregulin (AREG) and PLAU secretion, enhancing keratinocyte proliferation. DCs also interact with T cells via CD40 and CCL17. T cells interact with fibroblasts via IL13, which enhances MMP secretion. In psoriasis (lower panel), Th and DCs interact with keratinocytes via IL17 and LILRB1/2. Additionally, IL36 and WNT5A secretion by DCs favors pericyte and fibroblast attraction. T cells secrete different chemotactic and inflammatory factors such as CCL3, CCL4, IL36G, IL1B, and EBI3. T cells and macrophages interact with other immune cells via CCL4, CCL4L2, CCL3, and CCL3L1. Nomenclature for the depicted cells is as follows: B—B cell, DC—dendritic cell, FB—fibroblast, MØ—macrophage, per—pericyte, T—T cell, Th—T helper cell. 
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Figure 3. Healthcare applications of single-cell technologies. Single-cell technologies are unlikely to generate direct applications to the clinic. Instead, they might help the indirect development of healthcare applications by diagnostic and therapeutic target detection through lead pathway discovery. 
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