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BACKGROUND. Melanoma is a heterogeneous malignancy. We set out to identify the molecular 
underpinnings of high-risk melanomas, those that are likely to progress rapidly, metastasize, and 
result in poor outcomes.

METHODS. We examined transcriptome changes from benign states to early-, intermediate-, and 
late-stage tumors using a set of 78 treatment-naive melanocytic tumors consisting of primary 
melanomas of the skin and benign melanocytic lesions. We utilized a next-generation sequencing 
platform that enabled a comprehensive analysis of protein-coding and -noncoding RNA transcripts.

RESULTS. Gene expression changes unequivocally discriminated between benign and malignant 
states, and a dual epigenetic and immune signature emerged defining this transition. To our 
knowledge, we discovered previously unrecognized melanoma subtypes. A high-risk primary 
melanoma subset was distinguished by a 122-epigenetic gene signature (“epigenetic” cluster) and 
TP53 family gene deregulation (TP53, TP63, and TP73). This subtype associated with poor overall 
survival and showed enrichment of cell cycle genes. Noncoding repetitive element transcripts 
(LINEs, SINEs, and ERVs) that can result in immunostimulatory signals recapitulating a state 
of “viral mimicry” were significantly repressed. The high-risk subtype and its poor predictive 
characteristics were validated in several independent cohorts. Additionally, primary melanomas 
distinguished by specific immune signatures (“immune” clusters) were identified.

CONCLUSION. The TP53 family of genes and genes regulating the epigenetic machinery 
demonstrate strong prognostic and biological relevance during progression of early disease. Gene 
expression profiling of protein-coding and -noncoding RNA transcripts may be a better predictor 
for disease course in melanoma. This study outlines the transcriptional interplay of the cancer cell’s 
epigenome with the immune milieu with potential for future therapeutic targeting.
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Introduction
Melanomas of the skin are aggressive malignancies. They can arise from preexisting benign melanocyt-
ic nevi (moles), advance through local stages of progression, and, ultimately, result in distant metastasis 
(1). Approximately 85% of melanoma patients present with localized disease (stages I and II, American 
Joint Committee on Cancer [AJCC]), 10% with regional lymph node metastasis (stage III), and 5% 
with distant metastases (stage IV) (2, 3). Even for stage I disease, in which the 5-year survival rate is 
greater than 90%, a small subset of these patients develop metastasis (4). The risk prediction of stage 
II and III disease is more challenging, as the 5-year survival rates vary widely, from 53%–82% and 
22%–68%, respectively (2). The management of early localized and regional metastatic disease is con-
fined to a “watchful waiting” strategy after surgical removal of the primary tumor (5). Limited genetic, 
genomic, or transcriptional information is routinely used and widely accepted in clinical practice for 
risk stratification of cutaneous melanoma patients. Adjuvant treatment strategies for stage III patients 
consist of a few immunotherapeutic agents, such as interferon-α2b, pegylated interferon-α2b, and ipili-
mumab, while others are being actively tested in clinical trials (6–8). Adjuvant therapy with interferon 
is not widely accepted due to marginal effect on survival (9).

Oncogenic mutations in BRAF (50%) or NRAS (25%–30%), leading to mitogen-activated protein 
kinase pathway activation, are common early events that are also present in melanocytic nevi (10–12). 
BRAFV600E in melanocytes, after an initial phase of cell proliferation, induces a senescence-like state by 
engaging regulatory circuits of the p16INK4A/pRb pathway, chromatin alterations, and a tight transcrip-
tional control of cell proliferation (13, 14). Malignant transformation occurs only in the presence of 
additional genetic alterations, such as inactivation of tumor suppressors PTEN, CDKN2A, or TP53 (1, 
15–17). Although genetic mechanisms of melanoma development are studied in depth and subtypes 
are defined based on mutations and copy number changes (1, 18–20), these efforts have led to limited 
information on the identification of  aggressive, high-risk tumors with poor outcomes.

The cancer cell’s genetic and epigenetic interplay with the immune system is complex, and reg-
ulatory functions of noncoding regions of the transcriptome add another layer of modulation. Yet, 
beyond traditional genetic mechanisms, in melanoma these processes remain vastly unknown. Epi-
genetic-driven aberrant transcription has been shown to regulate immunoregulatory signals, which 
in turn contributes to the make up and behavior of the tumor’s immune microenvironment (21). For 
example, DNA methylation together with p53 can silence noncoding repetitive element transcription 
for maintenance of genetic stability, a condition recognized in normal cells (22). However, in cancer, 
“unleashed” or “high levels” of repetitive element expression can result in a state of “viral mimic-
ry” (a response of the cell to an exogenous viral infection) and a cytotoxic interferon response (23, 
24). Despite these emerging themes, this interplay between melanoma and its premalignant benign 
precursors, in particular, during tumor initiation and early stages of progression (stages I and II) is 
largely unexplored. Major drawbacks, including those of The Cancer Genome Atlas (TCGA) (18), 
have been in part due to small tissue size of precursor lesions and primary tumors, difficulty in sparing 
fresh tissue for research biasing studies toward advanced primary tumors and metastatic disease, and 
sequencing protocols focusing only on protein-coding regions of the transcriptome, thereby neglecting, 
for example, noncoding repetitive element analysis. Thus, TCGA data does not include primary mel-
anomas in early phases or nevi. The existing limited information on the melanoma cell–transcriptome 
and immune cell phenotypes of nevi and early primary tumors represents data and literature prior to 
the next-generation sequencing era.

We set out to examine transcriptional landscape changes of primary melanomas of early-, interme-
diate-, and late-stage tumors (AJCC tumor thickness categories T1–4, stages I–III) and benign precursor 
lesions. Additionally, interrogation of the transcriptome beyond protein-coding regions led to a deeper 
understanding of transcript deregulation during early disease and its progression. A distinct, previously 
unrecognized subset representing high-risk melanomas with poor survival characteristics was discov-
ered. This subtype exhibited TP53 family and epigenome deregulation and repressed noncoding endog-
enous retrotransposons and viral defense signaling that are mechanistically tied together. We validated 
the high-risk subtype and their prognostic significance in different melanoma cohorts, thereby providing 
a molecular subtyping framework that can be used in clinical and translational studies for melanoma 
in its early stages.
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Results
Patient characteristics and study design. The discovery cohort consisted of 78 melanocytic neoplasms, 
including 27 cases of common acquired nevi and 51 cases of primary melanomas of the skin, which 
were subjected to RNA sequencing (see Methods). The study design is depicted in Figure 1A. Tumors 
were collected from treatment-naive patients; none had chemotherapy, targeted therapy, or immune-
based treatments. All samples examined were from the primary tumor site; metastatic sites were not 
included. Nevus cases were histologically either compound or intradermal melanocytic nevi, and those 

Figure 1. Gene expression–based classification of primary melanomas and benign melanocytic nevi. (A) Schematic diagram summarizing the study 
design. (B) Tumor thickness distribution of the primary melanoma cases of the discovery cohort (blue line) versus the primary melanomas of TCGA (yellow 
line). (C) The top bar indicates subtypes: nevus (light blue) and primary melanoma clusters (dark blue). In the heatmap, expression scores are median 
centered and clustered by complete linkage hierarchical clustering. Each row indicates a differentially expressed gene and each column represents a tumor 
sample. The heatmap is color coded on the basis of median-centered log2 gene expression levels. The bars at the bottom represent molecular parameters 
(nonsynonymous mutational load and BRAFV600E genotype) and clinical characteristics of the patient cohort using AJCC staging and classification for 
melanoma (age, gender, tumor thickness, ulceration, stage at diagnosis, and patient outcome at last follow-up). The variables are color coded as indicat-
ed. (D) Principal component analysis of the melanocytic tumors (nevus, light blue; primary melanoma, dark blue). (E) Gene expression classifier distin-
guishing nevus and primary melanoma groups.
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with high melanocytic cell content were selected for the study. The AJCC staging system was used for 
clinical classification (2). Primary melanomas were comprised of invasive melanomas with tumor thick-
nesses of 4.25 mm (mean) and 2.41 mm (median); they represented early- (T1, ≤1.0 mm, n = 10), inter-
mediate- (T2 and T3, 1.01–4.0 mm, n = 27), and late-stage or advanced (T4, >4.0 mm, n = 14) tumors. 
The distribution of tumor thickness within the cohort represented the spectrum of T1 through T4 as 
compared with the primary melanomas of TCGA that consist mostly of thicker tumors (Figure 1B). 
Overall survival of the patient cohort was 90 months (mean) and 93.5 months (median). The details 

Figure 2. Transcriptomic profiling identifies dysregulated epigenetic and immune response processes underlying melanoma initiation. (A) Volcano plot 
showing differentially expressed genes between primary melanoma (n = 51) and nevus (n = 27) samples using cutoffs of Benjamini-Hochberg–corrected P 
≤ 0.005 and a linear fold change ±1.5. Protein-coding mRNA with counts greater than 10 per million in at least 2 samples were considered. Downregulated 
(n = 2,350) and upregulated genes (n = 2,289) are indicated. (B) Top functional pathways disrupted between primary melanoma and nevus cases using 
the Database for Annotation, Visualization and Integrated Discovery (DAVID). (C) Examples of known oncogenic signaling pathways deregulated during 
malignant transformation. Heatmaps represent supervised hierarchical clustering of gene signatures that were differentially expressed between primary 
melanoma and nevus groups. Tumors are ordered based on the clusters identified and shown in Figure 1C (x axis), and genes are ordered according to 
functional categories (y axis). Examples are color coded as upregulated (pink) or downregulated (blue) in primary melanomas. (D) Tumor-infiltrating lym-
phocyte (TIL) scores on H&E examination of nevus versus melanoma samples (P < 0.0001, Fisher’s exact test). N.A., not available. (E) Heatmaps represent 
immune and inflammatory processes deregulated between primary melanomas and nevi. Immune cell lineage–specific transcript signatures, in particular 
TIL and myeloid cell populations involved in innate (dendritic cells, macrophages, NK cells, and neutrophils) and adaptive (B and T, Th1, Th2, CD8+ T cells) 
arms of the immune system, differentially expressed between benign and malignant categories. Several upregulated immune checkpoint molecules are 
highlighted. (F) The epigenetic gene signature that is differentially expressed between the primary melanoma and nevus groups is depicted. Genes encod-
ing proteins that regulate chromatin structure are ordered on the y axis according to the functional groups: “writers” (histone acetyltransferase, histone 
methyltransferase, or protein arginine methyltransferase), “erasers” (histone deacetylase and histone demethylase), and “readers” (bromodomain, chro-
modomain, and Tudor domain–containing molecules), as well as DNA modifiers. For more detailed information, see the Methods.
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of  the patient cohort, clinical data, and histological characteristics are described in the Supplementary 
Appendix (Supplemental Table 1 and Supplemental Figure 1; supplemental material available online 
with this article; https://doi.org/10.1172/jci.insight.92102DS1).

Nevus versus melanoma — functional categorization underlying melanoma initiation. Transcriptional profil-
ing of 78 melanocytic tumors using unsupervised consensus-based hierarchical clustering identified three 
major clusters that distinguished benign nevi and identified two groups of melanomas in an unbiased 
manner (Figure 1C). Principal component analysis supported the distinction of these groups. In par-
ticular, the separation of melanoma and nevus samples was quite evident (Figure 1D). We constructed 
a machine learning–based gene expression classifier for melanoma versus nevus samples, capturing a 
minimal set of differentially expressed genes that best distinguished the two groups, information that 
could be utilized for delineating benign and malignant states within melanocytic tumors (Figure 1E and 
Supplemental Tables 2 and 3).

Benign melanocytic nevi exemplify an oncogene-induced senescence-like state driven by BRAFV600E (13). 
All nevus cases in our cohort, except one with an unknown genotype, harbored the BRAFV600E mutation. 
We reasoned that RNA transcripts and pathways deregulated between the nevus and melanoma groups 
represented processes during malignant transformation and transition from a senescence-like state. Overall, 
we found 4,639 genes to be significantly differentially expressed between melanoma and nevus samples 
(Figure 2A and Supplemental Table 2). Functional annotation analysis showed marked enrichment of 
genes regulating immune response and inflammation, cell cycle and proliferation, epigenetic modifiers, 
apoptosis, extracellular matrix, and cell adhesion (Figure 2, B and C). MITF, which encodes the master 
melanocyte transcription regulator and a melanoma-lineage survival oncogene (25), was uniformly upreg-
ulated in nevi, and melanomas with MITF “high” and “low” subgroups, as previously described (18), were 
notable. Other well-characterized oncogenic signaling pathways, such as loss of PTEN gene expression 
(12), loss of tumor suppressor FBXW7 and activation of NOTCH signaling (26), and its target genes, were 
highly deregulated in melanoma versus nevi (Figure 2C). We examined the molecular estimates measuring 
the influence of transcriptomic signals from tumor or stromal cell compartments computationally using a 
normal epidermal melanocyte expression signature (Supplemental Table 4 and Supplemental Figure 2). 
Additionally, tumor-infiltrating lymphocyte (TIL) scores were generated across the data set by histologic 
examination (Figure 2D and Supplemental Table 1). High TIL scores were evident in a subset of primary 
melanomas, while the precursor nevi uniformly had low scores or scores of  0 (nevus vs. melanoma, P < 
0.0001). Together, these data illustrate robust transcriptional profiling, discriminating between benign nevi 
and primary melanomas using a next-generation RNA sequencing strategy.

Melanoma is known to be an immunogenic tumor. By examining immune cell lineage–specific tran-
script signatures, we determined a wide repertoire of TIL and myeloid cell populations involved in innate 
and adaptive arms of the immune system to be significantly enriched in melanoma tumors compared 
with nevi (Figure 2E and Supplemental Table 2). The presence or lack of T cell immune infiltrate (CD8+ 
T cells) correlates with patient outcomes and response to immunotherapy (27). We found T cell–asso-
ciated genes, specifically, inhibitory checkpoint molecules (CTLA4, PDCD1 or PD1, TIGIT, HAVCR2 or 
TIM3, and BTLA) and their ligands, which can be expressed on antigen-presenting cells and/or tumor cells 
(CD86, PDL1, PDL2, TNFRSF14 or HVEM, and GAL9), as well as Toll-like receptors (TLR1–2, TLR6–8, 
and TLR10), a proinflammatory milieu of chemokine, cytokine, and complement cascade molecules, to 
be significantly enriched in the majority, but not all, of melanoma tumors (Figure 2E, top). Importantly, 
most of these molecules were coexpressed in the same melanomas without mutual exclusivity, suggesting 
possible coordinated immune suppression due to an immune response. Striking enrichment of genes asso-
ciated with inflammasome activation or their regulation (IL-18 and NLRP10), IL-1 family members (IL-33 
and IL-37), and lymphocyte cell survival, activation, and homing molecules (IL-2R2, IL-7, and CD44) was 
observed in the benign tumors (Figure 2E, bottom). These transcripts were significantly downregulated 
in melanoma. Due to a close link of endogenous retrovirus (ERV) sequences triggering double-stranded 
RNA-mediated viral defense gene responses, we also examined and found endogenous element transcrip-
tion to be significantly downregulated in melanomas (Supplemental Figure 3). Together, these data reveal 
highly enriched immune and inflammatory signal output and transcriptional silencing (or derepression) of 
endogenous elements in primary melanomas as compared with benign nevi.

An emerging theme in melanoma biology is the disruption of the epigenetic machinery; however, key 
players are largely unknown. By examining transcripts of the epigenetic machinery, we identified a gene 
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Figure 3. “Epigenetic” transcriptomic clusters and TP53 family members identify a high-risk melanoma subtype. (A) Principal component 
analysis of the discovery cohort. Colored circles indicate “epigenetic” (Epgn) primary melanoma subtypes (Epgn1, red; Epgn2, gray; and Epgn3, 
turquoise). (B) Unsupervised clustering of primary melanoma subtypes: Epgn1, Epgn2, and Epgn3. Heatmaps show differential expression of mRNA 
(top) and MITF, TP53, TP63, and TP73 (bottom). (C) Survival curves for Epgn1 and Epgn3 subgroups of the discovery cohort (P = 4.1e-06). (D) Valida-
tion of the Epgn1 and Epgn3 clusters utilizing the epigenetic gene signature (n = 122 genes) in an external data set of primary melanomas (n = 46) 
(Raskin et al., ref. 31). Expression levels of TP53, TP63, and TP73 (bottom) are indicated. (E) Survival curves for the Epgn1 and Epgn3 clusters of this 
data set (P = 3.31e-03) are depicted. (F) Validation of the Epgn1 and Epgn3 clusters in an external data set of melanoma metastases to the lymph 
nodes (n = 44) (Bogunovic et al., ref. 33). (G) Survival curves for the Epgn1 and Epgn3 clusters of this data set (P = 0.0469). Log-rank test was used 
for statistical analysis.
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signature (n = 108) with discrete expression profiles between melanoma and nevus groups involving DNA 
methylation and chromatin modification processes (Figure 2F and Supplemental Table 2). We found sig-
nificant downregulation of TET family enzymes, TET1 and TET2, a well-characterized mechanism for 
global loss of 5-hydroxymethylcytosine marks, leading to gene dysregulation (28). When chromatin-modi-
fying enzymes were examined, we noted significant enrichment of BRD4, a member of the BET subfamily 
(29), as well as histone variant H2AZ.2 (30), both of which enhance cell proliferation in melanoma. Nota-
bly, we found transcriptional dysregulation of several genes regulating the epigenome that have not been 
previously linked to melanoma or any other cancer, thus representing novel discriminatory events.

Primary melanoma subgroups — high-risk melanomas underlie epigenome and p53 family deregulation. An 
unbiased approach as well as a focused examination of the epigenome and immune-related genes led to 
three distinct clusters of melanomas. We determined whether these unbiased groups were best reflected 
by differential expression of immune or epigenetic genes. To our surprise, our unbiased clusters were best 
recapitulated by focusing on epigenetic genes and not immune gene categories. We therefore referred to 
our melanoma clusters as “epigenetic” clusters (referred to as Epgn1, Epgn2, and Epgn3 subtypes) (Fig-
ure 3A). Epgn2 was an outlier group that contained fewer tumors (n = 6); thus, we focused on the Epgn1 
and Epgn3 clusters.

When interrogated, a 122-epigenetic gene signature was found to discriminate between Epgn1 and 
Epgn3 (Supplemental Table 5). The Epgn3 subclass represented a group of thicker melanomas (geometric 
mean = 4.3 mm, median = 6.1 mm) with a significantly poorer overall survival rate than the Epgn1 group 
(P = 4.1e-06), suggesting Epgn3 as an aggressive or a high-risk melanoma subtype (Figure 3, B and C). 
This high-risk subset involved 27% of the melanomas in our cohort. Enrichment of genes involved in cell 
proliferation such as cell cycle checkpoint molecules and E2F-target genes in the Epgn3 cluster was noted. 
When oncogenic signaling pathways were examined, we found TP53 family gene members, TP53 (–1.53 
linear fold change), TP63 (–6.11), and TP73 (–4.59), to be significantly repressed in this cluster (Figure 3B). 
The presence of Epgn1 (low-risk) and Epgn3 (high-risk) groups and their correlation with better or worse 
patient outcomes, respectively, were found in another independent data set of primary melanomas (Figure 
3, D and E), validating our findings (31, 32). In a separate cohort of melanomas metastatic to the lymph 
nodes (stage III), we found the low- versus high-risk clusters in the lymph nodes for which the high-risk 
tumors showed poor survival characteristics (Figure 3, F and G), thus further validating the signature and 
its persistence in the lymph node metastasis (33). Additionally, this high-risk cluster was verified in TCGA 
melanoma data set (Supplemental Figure 4) (18). Enrichment of mutations in TP53 in the high-risk tumors 
was not found in our discovery cohort or TCGA.

We next tested the Epgn1/3 classification on the prognostic effect. When patient outcomes were strat-
ified by the Epgn1/3 classification after correcting for tumor thickness in our cohort and in an external 
data set of primary melanomas (31), we found that the Epgn3 (high-risk) signature was an independent 
prognostic indicator for shorter survival (Supplemental Figure 5). In summary, these findings illustrate the 
identification of a high-risk melanoma cluster distinguished by an epigenetic gene signature, a prognostic 
value on patient outcome, and a link to TP53 family of genes.

High-risk melanomas and associated functional groups. When further examined in the context of functional 
groups, these clusters displayed a discrete signature of epigenetic modifiers (n = 122), immune response 
genes, and noncoding repetitive elements (Figure 4, A and B, and Supplemental Table 5). Epigenetic regu-
lators frequently mutated in human cancer, including melanoma, which function as tumor suppressors (1, 
34) were significantly downregulated in Epgn3, such as components of the SWI/SNF chromatin remod-
eling complexes (ARID1A/B, SMARCA2, SMARCA4, and SMARCC2). Several chemokines essential for 
T-lymphocyte recruitment to tumor sites (CCL22, its receptor CCR4, and CCL21) were significantly sup-
pressed. We found significant downregulation of various NOD-like receptor family pyrin domain (NLR) 
genes (NLRP1 and NLRP10), IL-1R family members (IL18R, IL1RL1, and IL1RL2), and pattern recognition 
receptors (NOD-like receptors; NOD2, NLRX1, and NLRC5) in Epgn3 as compared with the prognostically 
better Epgn1 group. We next examined the noncoding regions of the transcriptome, in particular, noncod-
ing repetitive elements that are regulated by epigenetic mechanisms (i.e., DNA methylation), and likely by 
the protein product of TP53 (p53) (22). Indeed, differential repetitive element expression alone across our 
tumor cohort distinguished the Epgn1 and Epgn3 groups. The Epgn3 group showed significant transcrip-
tional repression of long- and short-interspersed nuclear elements (LINE and SINE) and ERV transcription 
at these particular repetitive sequences as compared with Epgn1 and with benign nevi, in which expression 
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was increased (Figure 4, A and B, and Supplemental Figure 3). Importantly, TIL scores did not show 
significant differences between Epgn1 and Epgn3 clusters (P = 1.0, Figure 4C). TP53, TP63, and TP73 cor-
related with LINE1 and the 122-epigenetic signature (Supplemental Figure 6). These findings demonstrate 
the associated functional groups and noncoding transcripts with the high-risk melanoma cluster.

Noncoding endogenous element transcription is repressed in high-risk melanomas and co-occurs with loss of p53 
and p73. To validate the signature and dissect the signal output derived from the tumor cells, we utilized 
melanoma tissue microarrays (n = 116) of independent tumor sets and cell lines. We used immunohisto-
chemistry to examine p53 and p73 expression and RNA in situ hybridization for LINE1. We found a subset 
of melanomas with co-occurring high levels of p53, p73, and LINE1 and another subset with loss of p53 and 
p73 protein expression and repression of LINE1 transcription (Figure 4, D and E). We next identified prima-
ry melanoma cell lines and designated them as Epgn1 or Epgn3 by qPCR analysis based on several genes 
within our signature. Cell lines defined as Epgn1 or Epgn3 corresponded to lines derived from patients with 
stage I or stage III disease, respectively. Epgn1 and Epgn3 cell lines showed coexisting expression patterns 
or loss of TP53, TP73, and LINE1 (Figure 4, F and G). We constructed a machine learning–based classifier 

Figure 4. Noncoding repetitive element transcripts are repressed in high-risk melanomas. (A) Heatmaps indicating differentially expressed protein-cod-
ing transcripts involved in epigenetic regulation and immune response between the Epgn1 and Epgn3 subtypes as well as noncoding repetitive element 
transcripts (retrotransposons). Tumors are ordered based on the clusters identified and shown in Figure 3B (x axis, Epgn1 and Epgn3), and genes are 
ordered according to functional categories or sequence homology in accordance with retrotransposon classification (y axis). ERV, endogenous retrovirus; 
SINE, short-interspersed nuclear element; LINE, long-interspersed nuclear element. (B) Box plots represent expression of TP53 family genes and LINE1 
between the Epgn1 and Epgn3 groups (2-tailed Mann-Whitney test). (C) TIL scores on H&E examination of Epgn1 versus Epgn3 clusters (statistically not 
significant, 2-tailed Fisher’s exact test). N.A., not available. (D and E) Melanoma tissue arrays (n = 116) and those limited to primary cutaneous melanomas 
(n = 54) were assayed for p53 and p73 protein expression by immunohistochemistry and for LINE1 and 18S rRNA (housekeeping gene) transcripts by RNA 
in situ hybridization. Representative examples are depicted. Scale bar: 25 μm. Inset: 18 μm x 18 μm. Graphs show correlation coefficient and relative risk 
values for p53 versus LINE1 or p73 versus LINE1 expression (Spearman correlation). (F) Melanoma cell lines established from primary melanoma tumors 
(WM35, stage I and WM1552C, stage III) were obtained. TP53 and TP73 transcripts were examined by qPCR. Normal human primary melanocytes (MC) are 
shown as a reference (1-tailed Student’s t test). (G) Cell pellets were formalin-fixed and paraffin-embedded and assayed for endogenous elements (LINE1) 
by RNA in situ hybridization. 18S rRNA was employed as a housekeeping transcript. Representative examples are shown. Scale bar: 25 μm. (H) Gene 
expression classifier distinguishing low-risk Epgn1 and high-risk Epgn3 groups based on repetitive element expression.
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for repeat “high” versus repeat “low” tumor types that could be utilized for prognosis determination (Figure 
4H and Supplemental Table 3). Together, these findings verify the co-occurrence of p53 family and LINE1 
expression or loss in melanoma cells.

“Immune” subtypes. Transcriptional subtypes of melanoma with “low” or “high” levels of immune 
response genes are well characterized and have recently been underscored by TCGA using next-generation 
RNA sequencing (18, 35). Similarly, during our analyses, we noted subsets of immune “low,” “medi-
um,” and “high” melanomas, with expression levels of  “low” and “high” clusters being quite distinct 
(Figure 5A and Supplemental Table 6). TIL scores verified immune-based clustering into “low” and “high” 
groups (Figure 5B). We found TEAD transcription factors and several chromatin modifiers as differentially 
expressed between the two clusters (Figure 5, C and D). Lower expression levels of TEAD1 and LCMT1 in 
immune “high” melanoma tumor samples as compared with immune “low” cases were noted in an inde-
pendent set of primary melanomas by qPCR (Figure 5E). Discriminatory transcripts (immune response and 
epigenetic modifiers) in immune “low” versus “high” tumors were distinct from those expressed between 
Epgn1 and Epgn3 subtypes. Together, our data verify the presence of immune “low” and “high” clusters 
among primary melanomas and identify several candidates linked to these clusters. Finally, we summarize 
the different tumor clusters identified in our study (Epgn1 vs. Epgn3, immune “low” vs. “high,” benign vs. 
malignant) and biologically relevant variables using coexpression network modeling (Figure 6).

Discussion
Molecular signatures associated with distinct clinical outcomes have been delineated in various solid 
tumors, thereby laying the groundwork for improved clinical management through the development of 

Figure 5. Defining “immune” transcriptomic subclasses. (A) Principal component analysis of two distinct primary melanoma subsets: immune “low” (n = 
9) and immune “high” (n = 12). (B) TIL scores by H&E examination of immune “low” and “high” clusters (P = 0.035, Fisher’s exact test). N.A., not available. 
(C) Genes involved in Yap signaling (TEAD1, TEAD2, TEAD3, and TEAD4) and those involved in epigenetic processes are found to be differentially expressed 
between the immune “low” and “high” subgroups (2-tailed Mann-Whitney test). (D) Correlation matrix of differentially expressed genes with representative 
upregulated and downregulated immune genes across the primary melanoma samples of the discovery cohort (n = 51). Red indicates a positive correlation 
while blue indicates an anticorrelation. (E) Validation of the candidates (TEAD1 and LCMT1) was performed on an extension cohort of primary melanoma 
samples (n = 49) using qPCR. *P < 0.05, 2-tailed Student’s t test. The bar graph shows samples that were classified as either immune “low” or “high.”



1 0insight.jci.org   https://doi.org/10.1172/jci.insight.92102

C L I N I C A L  M E D I C I N E

personalized risk stratification and therapeutic approaches. RNA sequencing analysis of TCGA has iden-
tified several subtypes, such as “immune,” “MITF,” and “keratin” groups, that linked immune “high” 
subtypes to better prognosis, an observation noted previously (18). Here, we report transcriptional classifi-
cation of melanoma in treatment-naive tumors that links the p53 family and the epigenome together with 
a specific immune milieu to clinical prognosis and patient outcomes. We discovered a molecular signature 
depicting high-risk and aggressive biologic behavior by examining primary melanoma tumor samples (not 
metastases). The signature showed its persistence during progression in the regional lymph nodes (stage 
III) and distant metastasis (stage IV). This information is expected to shed light onto risk stratification and 
development of therapeutic strategies accordingly.

p53 acts as a tumor suppressor by transcriptionally regulating a wide variety of target genes, thus 
dictating various cellular fates (36). While the TP53 family genes, TP53, TP63, and TP73, have indepen-
dent functions and target genes, they can be interdependent on each other in the suppression of tumor-
igenesis, and their loss can cooperate for an aggressive phenotype (37, 38). For example, when p53 is 
lost, p73 plays an important role in preventing further deterioration of polyploidy and aneuploidy by 
acting as a stabilizing factor on the genome (37). In the mouse model system, while TP53+/– TP73+/– and 
TP53+/– TP63+/– mice develop the same tumor types as TP53+/– mice, the phenotype is highly aggressive 
and metastatic in the former scenario (39). Collectively, based on previous literature on p53 family mem-
bers and their coregulated function, our data in this study suggest that intact p53, p63, and p73 associate 
with low-risk disease, may be indicative of  genomic integrity, and serve a protective role. Conversely, 
loss or inactivation of  these family members is associated with high-risk tumorigenesis. TP53 is mutated 
in approximately 15% of melanomas (18), and its inactivation leads to oncogenic transformation in the 
mouse system driven by BRAFV600E (15). Here, our study focused solely on the transcriptome (mRNA and 

Figure 6. Summary of the findings via coexpression network modeling. Coexpression network analysis was built 
across tumor subtypes and biologically relevant variables (tumor thickness).
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noncoding sequences, including repetitive elements). TP53 mutations from RNA sequencing analysis did 
not show enrichment of mutations in high- or low-risk clusters. Examining somatic mutations in TP53 
within the TCGA data set led to similar results, though TCGA melanomas are not representative of our 
cohort or the goals set for this study. Our work opens new avenues for tumor progression and risk stratifi-
cation; however, the cooperative function of p53 family members in the context of p53 mutations or other 
mechanisms of p53 deregulation in the melanocytic lineage requires further studies.

An emerging role of p53 together with DNA methylation is to silence noncoding repetitive element 
transcription for maintenance of genetic stability, a condition recognized in normal cells (22). However, in 
cancer, “unleashed” or “high level” repetitive element expression can result in a state of “viral mimicry” 
and a cytotoxic interferon response (23, 24). Our study displayed “high” levels of endogenous element tran-
scription in low-risk tumors (Epgn 1) and, in particular, in benign nevi and a downregulated (derepressed) 
state in high-risk tumors. While additional work is needed to decipher the understudied noncoding regions 
of the transcriptome, our study showed co-occurrence of p53 family deregulation together with repression 
of LINE1, SINE1, and inflammasome components (“viral mimicry” response).

“Immune” subtypes, previously described by others, were evident in our cohort, verifying previous observa-
tions (18, 35), and served as biological controls. Tumors upregulate inhibitory checkpoint receptors and repress 
antitumor immune responses. Therapies directed at these molecules (CTLA4, PD-1, and its ligand PD-L1) have 
recently shown significant and, in some cases, durable responses in melanoma patients (40, 41), thus shifting the 
treatment paradigm not only of melanoma, but cancer in general toward immunotherapy. Importantly, our data 
showed that there was no correlation between immune “low” or “high” subtypes and AJCC disease stage or 
tumor thickness categories. In treatment-naive tumors, we showed that the association of innate immune activa-
tion with better outcome is more complex that previously thought, where some patients in the Epgn3 (high-risk) 
category, with exclusively poor survival characteristics, had the paradoxical finding of immune “high” pheno-
types. Exhausted T cell states within the tumor microenvironment (42) may, in part, explain these observations. 
However, the high-risk subset mostly correlated with thicker tumors, and the 122-epigenetic signature was an 
independent prognostic variable in predicting patient outcomes within the T3 and T4 tumor categories. Further 
studies with large independent cohorts validating these findings are needed.

Our work underscores a need for future clinical trials not only after metastasis, but also early in the 
course of the disease. The concept of delivering mechanism-based treatments for high-risk patients (i.e., 
those with high-risk molecular signatures) in an adjuvant setting followed by standard surgical manage-
ment rather than “watchful waiting” requires further attention. Given the effective immune checkpoint 
inhibitors that are currently available, identifying patients that may respond to these therapies in the adju-
vant setting represents a logical future direction for this highly aggressive lethal cancer.

Methods
Patient tissue samples. Patients were treatment naive; none had received chemotherapy, targeted therapy, or 
immune-based treatments prior to study entry. Common acquired nevi, including compound and intradermal 
nevi (JTC) and primary melanomas of the skin (GB), were collected fresh and either snap-frozen or placed 
in RNAlater RNA stabilization reagent (Qiagen). Clinical annotations were entered, and pathology review 
of the H&E-stained sections of the tumor samples was performed. Additionally, two dermatopathologists 
(CC and RP) reviewed the tumor samples of the study cohort to confirm the diagnosis and generated the TIL 
scores. RNA sequencing was carried out on the discovery cohort that consisted of common acquired nevi (n = 
27) and primary melanoma (n = 51) cases, whereas the extension cohort of primary melanomas (n = 49) was 
utilized for validating several candidates using qPCR. Sequencing data were deposited in the NCBI’s Gene 
Expression Omnibus (GEO GSE98394).

RNA sequencing. Total RNA was extracted from samples using the miRNeasy Mini Kit (Qiagen). The 
RNA integrity number of each sample was determined using the 2100 Bioanalyzer instrument (Agilent 
Technologies). Samples were selected with stringent criteria based on an RNA integrity number of 7.0 or 
greater and a minimum of 500 ng of total RNA. Total RNA was subjected to ribosomal RNA depletion 
using the Epicentre Ribo-Zero Gold kit (Epicentre). The resulting RNA samples were used as input for 
library construction using the Illumina TruSeq Total RNA library preparation kit (Illumina). The libraries 
were then sequenced on the Illumina HiSeq 2500 system (Illumina) using 2 × 100-bp paired-end protocol 
to a minimum mean coverage of ×50. The sequencing was performed in the Genomics Core Facility of 
the Icahn School of Medicine at Mount Sinai.
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Expression quantification, differential expression, and functional pathway analysis. Raw reads were quality 
filtered by trimming the read ends; bases with quality <20 were removed. We then computed the quality 
at the 20th percentile. The entire read was discarded if the quality at the 20th percentile was less than 
15. Reads shorter than 40 bases after trimming were discarded as well. If one or more reads in the pair 
failed the quality check both reads were discarded. Paired-end RNA sequencing reads were mapped to the 
human reference genome (Ensembl annotation, build 37) (43) and to sequences from the Repbase database 
of human repetitive elements (release 19, http://www.girinst.org/repbase) (44) using the STAR aligner 
(45). Aligned reads were assigned to genes using the featureCounts function of the Rsubread package via 
the external Ensembl annotation (46). This procedure generated the raw read counts for each gene. Gene 
expression in the form of log2 counts per million reads was computed and normalized across the samples 
using the TMM method as implemented in the calcNormFactors function of edgeR package (47, 48).

Differential expression analysis was performed using the limma software package (49, 50). Expres-
sion data were used in conjunction with the weights computed by the voom transformation based on the 
mean-variance relationship of log read counts to calculate moderated t-statistics using empirical Bayes (51). 
For protein-coding RNA (mRNA), we identified the gene signature differentiating each pair of subtypes. 
For this analysis, we considered only genes with counts per million reads greater than 10 in at least 2 
samples. To create a comprehensive global heatmap depicting the gene signature of different subtypes, we 
considered genes to be differentially expressed with a Benjamini-Hochberg–corrected P value of  P < 0.005 
and a fold change of  >1.5. Principal component analysis of the resulting sets of differentially expressed 
genes confirmed effective grouping of subtypes. To determine the biological modules that are affected in 
our differentially expressed gene set, we used the Database for Annotation, Visualization and Integrated 
Discovery (DAVID) (52), Ingenuity Pathway Analysis, and the Gene Ontology database (53). We exam-
ined pathways with a Benjamini-Hochberg–adjusted P value of  P < 0.05.

Mutation detection and mutational load on RNA sequencing data. Mutations were called using the exactSNP 
function of Rsubread package (46); only SNPs were considered. All detected mutations present in dbSNP 
(downloaded from Ensembl) (43) were removed. SNPs with a quality of  12 or higher only were included 
(Rsubread default). The effect of mutations was computed using SnpEff software with the same annotation 
that was used for building the genome index for mapping (54). If multiple features overlapped a SNP (i.e., 
sequences belonging to different isoforms of two overlapping genes on the opposite strands), the effect of 
the SNP was averaged across them. In this case, instead of the characterization of a SNP as synonymous/
nonsynonymous, we used a fraction of nonsynonymous isoforms overlapping it. We added these numbers 
for all SNPs and rounded the result to estimate the number of nonsynonymous mutations.

Incorporation of normal epidermal melanocytic signature into differential gene and functional pathway analyses. 
For details, see Supplemental Figure 2.

Validation of transcript signatures in tissues and cell lines. Validation of the candidates was performed on an 
extension cohort of primary melanoma (n = 49) samples as well as in primary melanoma cell lines. Total 
RNA was extracted from the tumor samples and cell lines using the miRNeasy Mini Kit (Qiagen) accord-
ing to the manufacturer’s protocol. One μg total RNA was reverse transcribed using the RNA to cDNA 
EcoDry Premix (Oligo dT) (Clontech). Quantitative PCR (qPCR) was performed using the QuantiNova 
SYBR Green PCR Kit (Qiagen) on the Applied Biosystems 7500 Real-Time PCR System (Agilent Tech-
nologies). The GAPDH gene was used as a housekeeping gene for normalization.

Immunohistochemistry and tissue microarrays. Slides were stained for p53 (sc-126, clone DO-1, Santa 
Cruz Biotechnology) and p73 (ab40658, Abcam). Immunostaining was performed using Dako reagents 
(Target Retrieval Solution [S2367 and S2369], Serum-Free Protein Block [X909], Antibody Diluent with 
Background Reducing Components [S3022], Streptavidin/HRP [P0397]) and the Vector AEC peroxidase 
substrate kit detection system (SK-4200). Images were taken at ×40 on a Nikon Eclipse Ci microscope 
and analyzed using NIS-Elements BR Analysis software. ME803a and ME1004d Tissue Microarrays (US 
Biomax Inc.) were utilized for staining. ME803 contained 40 malignant melanoma cases, while ME1004d 
had 62 malignant and 20 metastatic malignant melanoma cases (n = 122 total melanomas). Six cases were 
excluded due to missing tissue after staining for a final count of 116.

Constructing classifiers. We constructed gene expression classifiers for two distinctions: primary 
melanomas versus nevi and repetitive element transcriptional activity “high” versus “low.” Classifi-
ers were constructed for predicting these features from the coding gene expression data. In order to 
train the classifier, we computed the top N differentially expressed genes with at least a 2-fold change 
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between the two phenotypes based on statistical significance. We then used the gene expression data 
and performed dimensionality reduction to 2 dimensions using the partial least squares method, as 
implemented in the scikit-learn machine learning suite (55). We trained the Linear Support Vector 
Machine as implemented in scikit-learn in these 2 dimensions. For several values of N, we evaluated 
the performance of the classifier using the cross-validation technique. It was done by randomly select-
ing 60% of the samples as a training set and leaving out the remaining 40% as a test set. This partition-
ing into the training and test subsets was performed so that the proportion of representatives of the two 
phenotypes in the training data set was unchanged. The procedure was repeated multiple times, and 
the sensitivity and specificity were computed.

Coexpression network analysis of protein-coding genes. Weighted gene coexpression network analysis was 
performed using the WGCNA software package (56, 57). Analysis was performed on the discovery cohort, 
which consisted of nevi (n = 27) and primary melanoma (n = 51) samples. For this analysis, we set the 
value of the parameter soft-thresholding power as equal to 10.

Statistics. A moderated 2-tailed t test, as implemented in the limma package, was utilized for com-
puting the significance of differential gene expression. The R survival package was utilized to perform 
survival analyses (https://www.r-project.org/). The log-rank test was used for the differential survival 
analysis. In order to evaluate the significance of association between the categorical data, Fisher’s exact 
test was performed.

Study approval. The institutional review boards of  Icahn School of  Medicine at Mount Sinai and Fach-
klinik Hornheide approved this study, and written informed consent was received from participants prior 
to study inclusion.
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