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Clinical management of papillary thyroid cancer depends on estimations of prognosis. Standard care, which relies on prognostication based on clinicopathologic features, is inaccurate. We applied a machine learning algorithm (HighLifeR) to 502 cases annotated by The Cancer Genome Atlas Project to derive an accurate molecular prognostic classifier. Unsupervised analysis of the 82 genes that were most closely associated with recurrence after surgery enabled the identification of three unique molecular subtypes. One subtype had a high recurrence rate, an immunosuppressed microenvironment, and enrichment of the EZH2-HOTAIR pathway. Two other unique molecular subtypes with a lower rate of recurrence were identified, including one subtype with a paucity of BRAFV600E mutations and a high rate of RAS mutations. The genomic risk classifier, in addition to tumor size and lymph node status, enabled effective prognostication that outperformed the American Thyroid Association clinical risk stratification. The genomic classifier we derived can potentially be applied preoperatively to direct clinical decision-making. Distinct biological features of molecular subtypes also have implications regarding sensitivity to radioactive iodine, EZH2 inhibitors, and immune checkpoint inhibitors.
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1 Introduction

Although there has been a dramatic rise in the incidence of papillary thyroid cancer (PTC) in recent decades (1–3), the unique tumor biology of PTC remains poorly understood. PTC is characterized by frequent and early spread to regional lymph nodes, with occasional invasion into surrounding soft tissues. Despite the propensity of PTC to metastasize to locoregional lymph nodes, PTC has a very low incidence of distant metastasis and high overall cure rates. On the other hand, 10 - 15% of PTC cases behave more aggressively and show a greater proclivity for disease recurrence and resistance to conventional adjuvant therapies such as radioactive iodine (RAI) (4). Understanding what drives this dichotomous clinical behavior is important for two reasons. First, recognizing the biological mechanisms that characterize more aggressive PTC variants may reveal novel therapeutic targets. Second, clinical management can be influenced by accurate prognostication. Patients with a good prognosis can be managed with more conservative surgery or active surveillance, RAI could be avoided, and follow-up regimes could be de-escalated. Conversely, the identification of aggressive PTCs would appropriately direct more extensive surgery, adjuvant therapies, and more intensive or prolonged follow-up periods.

The American Thyroid Association (ATA) Risk Stratification system estimates the risk of disease recurrence based on clinical and pathological factors. It is the most widely used system to estimate prognosis and guide postoperative clinical decision-making (5). Although the ATA system has been validated retrospectively, the proportion of variance explained is suboptimal (6, 7). The inability of the ATA system to predict recurrence accurately may be because it is insufficiently informed by molecular features. Currently, only one molecular marker, the BRAFV600E gene mutation, is incorporated in the ATA Risk Stratification System (5), and its value in prognostication is unclear (8).

In 2014, The Cancer Genome Atlas (TCGA) Network published a landmark study that described the complete genomic landscape of papillary thyroid cancer (9). A comprehensive description of the molecular features of PTC was provided, and two meta-clusters were identified: one consisting of BRAFV600E -driven tumors, and one with RAS-mutated tumors. While the study provided insight into the molecular diversity and classification of PTC, it did not relate molecular features with clinical outcomes, such as progression-free survival (PFS).

An alternative approach to deriving molecular classifications of disease is to identify biologically important variants by evaluating their association with clinically relevant phenotypes (e.g., PFS). This approach can provide novel insights into the molecular mechanisms that are responsible for the manifestations of the phenotype. HighLifeR is a proprietary machine learning algorithm that robustly identifies features in a highly dimensional dataset that are closely associated with survival outcomes. By applying the HighLifeR algorithm to the transcriptional data in the TCGA cohort, we devised a molecular classifier that outperforms the ATA Risk Stratification system in predicting the likelihood of recurrence. Importantly, in PTCs classified by our molecular risk index, we uncovered several molecular features that point to pathogenic mechanisms that could be targeted therapeutically.




2 Results



2.1 Identification of robust molecular signatures associated with recurrence risk

We applied the HighLifeR algorithm to the RNA-Seq expression dataset from TCGA. This dataset contains batch-corrected expression levels of more than 20,000 genes in a set of 502 PTC patients (335 of whom were used as discovery set). In total, we tested the associations of genes with progression free survival (PFS) in more than 7,500,000 combinations of genes and subsets of the discovery cohort. We identified 44 genes that satisfied our criteria for prognostic significance.

Unsupervised clustering based on these 44 genes revealed three molecular subgroups with significantly different PFS (Log-rank P = 0.0001) (Figures 1A, B). To address the potential effects of censored events, we reapplied the HighLifeR algorithm to all cases that had at least 36 months of follow-up with known outcomes (i.e., disease-free after at least 36 months or a recurrence during that time) (N = 222). An additional set of 41 prognostic genes was identified. Three of these genes overlapped with the first gene set (EZH2, MTMR14, and ZNF215). The complete set of 82 genes (Supplementary Table 1) was used in classifier development utilizing the three unsupervised clusters (Figure 1A) as the training classifications.




Figure 1 | Discovery of mRNA-based prognostic risk groups. (A) Unsupervised clustering of 44 prognostic genes identified by HighLifeR shows three distinct clusters in our training set. The heatmap annotation shows distinct differences between molecular subtypes. Specifically, striking differences were in variant type, thyroid differentiation score (TDS), BRAF-RAS score (BRS), and the number of mutations in BRAF, RAS and TERT genes. (B) Survival analysis of these three clusters revealed significant differences in progression-free survival. (C) Correlation matrix associated with all 82 genes identified by HighLifeR shows poor correlation between prognostic genes. (D) Validation of our classification algorithm using TCGA patients excluded from our training dataset (N = 167) clearly discriminated the three different molecular subtypes and these had significantly different progression-free survival.



While most prognostic genes were not correlated with each other, there was a cluster of genes with significant positive correlation (Figure 1C). The most highly correlated genes (Pearson r > 0.75, P < 0.0001) are involved in mitosis, cell cycle control, and chromatin remodeling. According to The Human Protein Atlas, 49 of the proteins encoded by these 82 genes are detectable by immunohistochemistry in thyroid cancers.

For the purpose of description, the subtypes were labelled as Types 1, 2 and 3. Several interesting features were immediately apparent (Figure 1A). Type 1 PTCs had a paucity of BRAFV600E mutations, were enriched with mutations in NRAS and HRAS, and included most follicular variants. Type 1 PTCs had no cases of tall cell histology; tall cell variants were most common in Type 3. Type 2 and 3 tumors had many of the same clinical features, including BRAFV600E mutations in over half. Type 3 tumors comprised the majority of TERT promoter mutations. Interestingly, the pattern of expression of the top 44 prognostic genes in Type 1 was the inverse of the pattern in Type 3 PTCs (Figure 1A).

A two-step predictive model based on random forest was developed to classify the validation set. The first step identified Type 3 PTCs with a 10-fold cross-validation accuracy of 92%; the second step differentiated Type 1 and 2 PTC with a 10-fold cross-validation accuracy of 86%. As with the discovery cohort, Type 3 PTCs had the highest rate of recurrence (Figure 1D). However, unlike in the discovery cohort, Type 1 tumors had the lowest recurrence rate. We considered that the higher incidence of recurrence could be attributable to disease stage. Indeed, the recurrences in Type 2 PTCs in the validation cohort occurred mostly in patients with advanced tumors (tumors > 4 cm or N1 disease), which comprised a larger proportion of the validation cohort (61.8%) than the discovery cohort (51.6%).

Univariate and multivariable survival analyses were performed on the discovery set and the validation set. In the larger discovery cohort, factors that were significant on multivariable analysis were molecular subtype, M stage, and presence of tall cell histology (Table 1). In the validation set, molecular subtype and M stage were significant factors in the multivariable analysis (Supplementary Table 2).


Table 1 | Univariate and multivariable analysis of factors associated with 5-year PFS in the discovery set.



We considered that anaplastic thyroid cancer (ATC), an extremely aggressive form of thyroid cancer with a high incidence of TERT promoter mutations, may arise from well differentiated thyroid cancer (10). Our molecular classification algorithm was applied to RNASeq data from 10 cases of ATC arising from PTC (Bioproject ID: PRJNA523137) (11). Interestingly, all 10 cases were clearly classified as the Type 3 molecular subtype.




2.2 Clinicopathological features of molecular subtypes

To comprehensively describe the clinical and molecular differences between the three molecular subtypes, we combined the discovery and validation cohorts. Clinical features are summarized in Table 2. Altogether, 25.0% were Type 1, 47.3% were Type 2, 27.7% were Type 3 PTCs. There was no significant relationship between molecular subtype and age, sex, race, or ethnicity. The incidence of multifocality was the same in each molecular subtype. Extrathyroidal spread and lymph node metastases were significantly more prevalent in Type 2 and 3 PTCs. Type 1 tumors tended to have a lower T-stage and had the lowest incidence of lymph node metastases.


Table 2 | Clinical characteristics for the three molecular subtypes - for discovery and validation set samples combined.



We explored the relationships of molecular subtypes with ATA risk, AMES score and MACIS score. ATA risk classes were more frequently low risk in Type 1 PTCs, and high-risk ATA class was more frequent in Type 2 and 3 PTCs. A high AMES score (corresponding to a higher risk of death from PTC) was least frequent in Type 1 tumors and most frequent in Type 3 tumors. Similarly, high MACIS scores were most frequent in Type 3 PTCs. In all, clinicopathological features in Type 2 and Type 3 PTCs were not easily distinguishable, but Type 1 PTCs were markedly different.

Two gene signatures described by TCGA (9), the BRAFV600E-RAS score (BRS) and the Thyroid Differentiation Score (TDS), were evaluated in the context of the molecular subtypes. Importantly, only two of the genes from our signature overlapped with the genes that comprise BRS: CTSC and FN1; and none of the 82 genes overlapped with genes that comprise TDS. The BRAFV600E-RAS score (BRS), which quantifies the similarity of the gene expression profile to either BRAFV600E or RAS mutant profiles (-1 to +1) (9), was significantly higher in Type 1 PTCs (Table 2). Using this method of classification, 91.9% of Type 1 PTCs were RAS-like with a corresponding higher incidence of NRAS and HRAS mutations. In contrast, 91.8% of Type 2 PTCs and 88.2% of Type 3 PTCs were BRAF-like. The TDS decreased (TDS range = -4.08 to 2.59) with a higher histological grade (9) and was lowest in the Type 3 molecular subgroup (Table 2; Figure 1A). Neither BRS nor TDS had a significant association with PFS.

Finally, molecular subtypes had distinct mutation patterns. Mutations associated with each molecular subtype are summarized in Supplementary Figures 1A–E. NRAS mutations were present in 33.1% of Type 1 PTCs, in 4.3% of Type 2 PTCs and 1.5% of Type 3 PTCs. There was also a high prevalence of mutations in the thyroglobulin gene (TG) in Type 1 PTCs. BRAFV600E mutations were found in only 5.6% of Type 1 PTCs, but in more than half of Type 2 and 3 PTCs. Although TERT promoter mutations were present in all molecular subtypes, the majority were found in Type 3 PTCs. When we compared Type 2 versus Type 3 tumors, we found no significant differences in mutations.




2.3 Biological features of Type 3 PTCs

To delineate the biological features of each subtype, molecular features were identified that distinguished Type 3 PTCs from the other two subtypes. We performed Gene Set Enrichment Analysis (GSEA) of the 50 hallmark gene sets in MSigDB (12). Pathways that were positively enriched were involved in inflammation and epithelial-mesenchymal transition (EMT) (Figure 2). Compared to Type 2 PTCs, GSEA demonstrated mostly enrichment in inflammatory pathways, pathways involved in proliferation, as well as mTORC1 signaling (Figure 2). Mindful that the Forkhead box M1 (FOXM1) transcription factor encourages migration and invasion of PTC cells (13), we performed a targeted GSEA of the FOXM1 pathway. This pathway was positively enriched in Type 3 cancers in comparison to Type 1 (False Discovery Rate (FDR) = 0.002) and Type 2 PTCs (FDR = 0.004), as previously reported (14).




Figure 2 | The single-sample gene set enrichment analysis (ssGSEA) scores between different molecular subtypes using the Hallmark gene set collection. Only the top 20 significantly enriched gene sets are shown.



In comparison to Type 1 PTCs, there were 2234 differentially expressed genes (DEGs). Analysis with Ingenuity Pathway Analysis (IPA) demonstrated intriguing inflammatory features in Type 3 tumors. In comparison to Type 1 PTCs, there was significant enrichment of genes involved in HMGB1 signaling, STAT3 signaling, IL-23 signaling, and IL-17 signaling (Supplementary Figure 2A). HMGB1 upregulation and the successive overexpression of IL-23, IL-17 and IL-6, followed by STAT3 activation, promotes tumor growth (15). STAT3 from tumor cells and myeloid cells is also known to induce IL-23 production by tumor associated macrophages; regulatory T cells expressing IL-23R are then activated to create an immunosuppressive tumor microenvironment (16). In comparison to Type 2 PTCs, there were relatively fewer DEGs (496 DEGs). Type 3 showed enrichment of genes involved in HMGB1 signaling and IL-17 signaling, as well as immunosuppressive processes.

Deconvolution of immune cell types using CIBERSORT revealed that Type 3 tumors contained significantly more activated CD4+ T cells, and a high number of CD4+CD25+ regulatory T cells (Figure 3A). The expression levels of immunoregulatory genes were markedly elevated in comparison to the other two molecular subtypes (Figure 3B).




Figure 3 | Immune profile of mRNA-based prognostic risk groups. (A) Estimates of immune cell type fractions present in the mRNA-based prognostic risk groups based on deconvolution of expression profiles using CIBERSORT. Immune cell fractions were compared using one-way ANOVA test and p-values are shown for each comparison. Displayed are the 16 of 22 cell types which showed significant differences based on one-way ANOVA. (B) Gene expression of immunomodulators was examined across mRNA-based prognostic risk groups. The immunomodulators were classed into one of seven categories (co-stimulator, co-inhibitor, ligand, receptor, cell adhesion, antigen presentation or other) and each of the immunomodulators were also categorized as immune checkpoint inhibitors or stimulators. Median normalized expression levels for each mRNA-based prognostic risk group are shown.



Another striking feature uncovered in the IPA analysis was the positive enrichment of the HOTAIR (HOXA transcript antisense RNA) pathway. HOTAIR is a lncRNA that interacts with Polycomb Repressive Complex 2 (PRC2), a histone methyltransferase that affects epigenetic silencing in diverse proneoplastic processes including EMT (17). HOTAIR interaction with PRC2 drives EZH2-mediated gene repression. Elevated EZH2 expression is characteristic of the high-risk phenotype, as is upregulation of HOTAIR (P < 0.001, FDR < 0.001). HOTAIRM1, which similarly interacts with EZH2 and encourages an immunosuppressive microenvironment (18, 19), was also upregulated (FDR=0.001).

In comparison to Type 1 PTCs, Type 3 PTCs contained 596 differentially methylated genes: 35 were hypermethylated in association with downregulation, and 236 were hypomethylated with coincidental upregulation at the mRNA level (Supplementary Figure 3A). There were no differentially methylated genes between Type 3 and Type 2 PTCs. There were 571 differentially expressed (DE) miRNAs in comparison to Type 1 PTCs. There were 85 DE miRNAs compared to Type 2 PTCs. In sum, differences between Type 3 and Type 2 were not pronounced. The epigenetic features and the miRNA expression pattern appeared to drive the inflammatory and immunosuppressive features of Type 3 PTCs (Supplementary Figures 3C, 4A).




2.4 Biological features of Type 2 PTCs

In comparison with Type 1 PTCs, there were 1124 DEGs in Type 2 PTCs. As in Type 3 tumors, GSEA of the 50 hallmark pathways demonstrated significant enrichment in proinflammatory gene sets and genes involved in EMT (Figure 2). A targeted GSEA of the FOXM1 pathway demonstrated positive enrichment (P = 0.007), although this was less pronounced than in Type 3 PTCs. IPA demonstrated enrichment in EMT factors, as well as IL-6 and IL-17 signaling (Supplementary Figure 2B). Immunosuppressive processes were notably absent, consistent with the lower expression levels of immunoregulatory genes in Type 2 PTCs compared to Type 3. The HOTAIR pathway was positively enriched but was less pronounced than in Type 3 PTCs.

In comparison to Type 1 PTCs, Type 2 PTCs contained 600 differentially methylated genes: 10 were hypermethylated in association with downregulation, and 240 were hypomethylated with coincidental upregulation at the mRNA level (Supplementary Figure 3B). While epigenetic changes could be linked to some nonspecific inflammatory changes (Supplementary Figure 3D), functional differences between Type 2 and Type 1 PTCs appeared to be more attributable to differences in miRNA expression. Relative to Type 1 PTCs, there were 169 upregulated miRNAs with downregulated mRNA targets, and 218 downregulated miRNAs with upregulated mRNAs targets; and genes so affected were involved in inflammation, the HOTAIR regulatory pathway, and neuroendocrine functions (Supplementary Figure 5).




2.5 Biological features of Type 1 PTCs

Type 1 PTCs are characterized by a very different inflammatory microenvironment compared to Type 2 and 3 PTCs; for example, the fraction of monocytes and activated NK cells in Type 1 PTCs was 148% and 201% greater than Type 3 PTCs, respectively (Figure 3A). On GSEA, there is enrichment of fatty acid metabolism. Bile acid metabolism is also prominent, although it did not reach significance following correction for multiple comparisons (Figure 2). Compared to Type 2 and 3 tumors, IPA based on DEGs demonstrated LXR/RXR activation (Supplementary Figures 2A, B). PTEN signaling and PPAR signaling was also evident in comparison to Type 3 PTCs. These mostly metabolic features appear to be driven mostly by differences at the miRNA level (Supplementary Figure 4). Others have previously observed alterations in lipid metabolism in PTC, although it is unclear how diverse this characteristic is (20, 21).




2.6 External validation of molecular subtypes

RNA-Seq data from an ethnically and racially distinctive cohort from Seoul National University College of Medicine, Korea (22) were evaluated to understand the generalizability of the subgroups we identified. The cohort comprised 48 follicular variant and 76 classical PTCs (total N = 124). No tall cell variant tumors were included. Similar patterns of expression in the 82 prognostic genes were identifiable. Some of the features that characterized each molecular subtype were seen in the Korean cohort (Supplementary Table 3). Specifically, Type 1 PTCs had the highest frequency of follicular variants, were mostly RAS-like, and had the highest incidence of RAS mutations. Type 1 PTCs had the lowest incidence of BRAFV600E mutations, although the frequency was higher than in the TCGA cohort. Type 2 and 3 PTCs had the highest incidence of extrathyroidal spread and tended to have a higher incidence of lymph node metastases. The incidence of lymph node disease was lowest in Type 1 PTCs, although this was not significant. The median follow-up was 88 months, and there was only one structural recurrence in an advanced Type 2 PTC. There were 9 biochemical recurrences defined by TSH-stimulated thyroglobulin ≥1 µg/L. Biochemical recurrences occurred in one Type 1 PTC (2.4%), four Type 2 PTCs (5.8%), and four Type 3 PTCs (28.6%). Dates to recurrence events were unknown for this dataset.

To further explore the clinical utility of the molecular risk stratification, we designed an assay based on targeted hybrid-capture enrichment RNASeq. Expression of the 82 genes that distinguished molecular classes were quantified in frozen samples from Edmonton, Canada (N = 132). The median follow-up period for these cases was 66 months. Cases were classified in a way that blinded them to clinical features and outcomes. 5-year recurrence rates for the study cohort are summarized in Supplementary Table 4. Strikingly, recurrence rates were consistently highest in Type 3 PTCs, regardless of whether tumors were early (tumor size 1-4 cm and N0/NX) or advanced. In contrast to Type 3 PTCs, and in keeping with what was found in the TCGA dataset, Type 1 and Type 2 PTCs recurrence rates were higher in advanced tumors.




2.7 Potential clinical utility of molecular risk stratification

While Type 3 PTCs consistently had a worse prognosis, given the instability of recurrence outcomes of Type 1 and Type 2 PTCs in the TCGA discovery and validation cohorts, we considered that clinical factors could modify risk. Two factors that can be readily evaluated prior to surgery are tumor size and lymph node involvement. Indeed, according to the 2015 ATA guidelines, patients with the following preoperative criteria are considered candidates for thyroid lobectomy: tumor size 1-4 cm, clinically node negative, no extrathyroidal spread, no family history of thyroid cancer, and no history of radiation therapy to the neck (5). Using the combined data from the TCGA cohort, the Korean cohort, and the Edmonton cohort (N = 743), it was apparent that the lowest risk for recurrence was in Type 1 and Type 2 PTCs with early PTCs (tumor size ≤ 4 cm and no lymph node disease). A higher risk was observed in advanced Type 1 and 2 PTCs (tumor size > 4 cm or N1) The highest risk of recurrence was in Type 3 PTCs, regardless of whether early or advanced (Figure 4A). Altogether, this meant by considering both the molecular subtype and the clinical information (tumor size > 4 cm or N1) we could describe two distinct risk classes (a high- and a low-risk class) (Figure 4B).




Figure 4 | Molecular subtype in conjunction with two simple clinical factors improves recurrence risk stratification for PTC. (A) Proposed risk stratification flow diagram which incorporates molecular subtype determination, followed by assessment of tumor size and lymph node status to ultimately determine if tumors have a low or a high risk of recurrence. (B) Dichotomization resulting from incorporation of molecular subtype with preoperatively apparent clinical features shows significantly different survival (Log-rank P = 3.51 x 10-8). The low-risk class exhibits very few recurrences. (C) Alluvial plot illustrates how patients originally assigned into the low-, intermediate-, and high-risk groups using ATA are re-classified into the three molecular subtypes and subsequently into the two risk classes after incorporating clinical features (i.e., tumor size and lymph node status).



Molecular subtyping in conjunction with tumor size and lymph node status can simplify risk stratification in comparison to the ATA Risk Stratification System (2015) (5). The ATA system is the most commonly used clinical risk index for predicting disease recurrence for differentiated thyroid cancer. Performance of the two risk stratification methods was compared. A consensus ATA risk classification for each case was established by two practicing clinicians. To calculate 5-year time-dependent AUROC, a binary classification was applied: low-risk vs. intermediate/high-risk. Data from the Korean cohort was not included because of the paucity of recurrence events. The AUROC was 0.80 for molecular classification + tumor size/lymph node status; 0.70 for molecular subtype alone; and 0.51 for the ATA risk stratification method. This is not surprising considering the low rate of recurrence for the molecular low-risk prognostic class (i.e., Type 1 or Type 2, size 1-4 cm and N0/Nx PTCs) and the redistribution of class assignments between the ATA risk classes and prognostic class (Figure 4C): Twenty-three of the 205 ATA low-risk PTCs were reclassified to high risk, and 21 of those had recurrences.

The most impactful application of our findings is likely to be in the preoperative period. One problem with using purely clinical criteria to select lobectomy candidates is that 40 - 60% will require a completion thyroidectomy because the postoperative risk stratification classified them as a higher risk than initially estimated (23–28). If molecular subtype could be reliably determined by fine needle aspirate (FNA), patient selection for more conservative surgery could be refined. In the same way, for tumors measuring < 1 cm, patients could be selected for active surveillance with greater assurance.




2.8 Potential therapeutic approaches for aggressive PTCs

In addition to the potential application of the prognostic biomarker for surgical decision making, the novel molecular subtypes identify phenotypes that could guide future therapeutic approaches and clinical trials. Radioactive iodine (RAI) following a total thyroidectomy is a conventional approach to ATA classified intermediate- and high-risk tumors. This approach could be modified based on molecular subtypes. For example, TDS is derived from expression levels of 16 thyroid function genes. One such gene, SLC55A5, encodes sodium iodide symporter and is required for iodine uptake by thyrocytes. A high TDS would therefore be most susceptible to RAI. Others have reported that BRAFV600E mutations decrease expression of sodium iodide symporter, thought to be a mechanism of radioactive iodine resistance (29, 30). Indeed, in this series, cases with BRAFV600E mutations were associated with lower TDS, regardless of molecular subtype. However, TDS appeared more related with molecular subtype than BRAFV600E mutation status – Type 1 tumors had significantly higher TDS than Type 2 or Type 3 tumors (Supplementary Figure 6). Moreover, low TDS was associated with a shorter PFS in patients who received RAI (p < 0.001), but not in patients who did not receive RAI. In the case of ATA intermediate-risk tumors, there have been disparate results in clinical series reporting the benefits of RAI in intermediate-risk PTC (31, 32). This can be explained by the differences in TDS between (and within) molecular subgroups (Supplementary Figure 6).

There has been substantial interest in pharmacological approaches to restoring tumor differentiation and sensitivity to RAI. MAPK inhibitors have been found to restore expression of thyroid-specific genes and sensitivity to RAI (30, 33). A phase 2 clinical trial of selumetinib reversed radioiodine resistance in patients with advanced thyroid cancer with clinical benefit (34). Rather than focusing on tumors with the BRAFV600E mutation, trials could focus on tumors with a low TDS and a particular molecular subtype. For example, Type 3 PTCs overexpress EZH2, a master regulator of chromatin (Figure 5A). EZH2 hypertrimethylation of histone H3 lysine 27 (H3K27) leads to cancer cell de-differentiation. Indeed, a lower TDS is associated with a higher EZH2 expression (Figure 5B). Preclinical studies have demonstrated that EZH2 inhibitor tazemetostat in combination with MAPK inhibitors promotes 125Iodine uptake and enhanced cytotoxicity in PTC cells (33).




Figure 5 | Biological differences between mRNA-based prognostic risk indicates potential therapeutic approaches for aggressive papillary thyroid carcinomas. (A) The relationship between molecular subtype and EZH2 expression shows a higher expression of EZH3 in Type 3 tumors. (B) The relationship between thyroid differentiation score (TDS) and expression of EZH2 and CD274 (gene name for PD-L1) are shown in the violin plot. One-way ANOVA p-value <0.0001 is indicated by ***. (C) T-cell-inflamed gene expression scores for each molecular subtype. T-test p-values are shown for each comparison. (D) Diagram of suggested role of EZH2 and associated molecules contributing to the high-risk group phenotype suggests EZH2 inhibitors may favorably modify high-risk tumors.



Type 3 PTCs, characterized by an abundant immune cell infiltrate and higher expression of immunoregulatory molecules (Figures 3A, B), may also be amenable to immune checkpoint inhibitors. In 2018, it was reported that higher T cell-inflamed gene expression profile (GEP) scores were a prerequisite for clinical benefit from PD-1 blockade (35). Type 3 tumors identified by our biomarker had the highest T-cell-inflamed GEP scores (Figure 5C). In the phase 1b KEYNOTE-028 trial, 22 patients with advanced papillary follicular thyroid cancers received pembrolizumab, and anti-PD-1 antibody (36). The overall response rate was only 9.1% and the stable disease rate was 54.5%. The classification we described could improve selection of candidates for this approach. EZH2 inhibitors can also favorably modify the immune microenvironment. PTCs with a low TDS are associated with higher expression of EZH2 as well as CD274, which encodes PD-L1 (Figure 5B). As with immunotherapy in general, Type 3 PTCs have the characteristics for this therapy (Figure 5D).





3 Discussion

In 2014 the TCGA reported a seminal description of the molecular features of PTC, providing numerous observations never before reported (9). Molecular subclassification at various biological levels was accomplished using unsupervised methods. Combining these features (i.e., mutation, methylation, mRNA) enabled identification of meta-clusters. However, apart from finding subgroups that displayed the signaling consequences of BRAFV600E mutations and RAS mutations, limited functional information could be derived using this approach. An alternative approach is to link molecular features with phenotypical features including clinical aggressivity.

Two obstacles exist in studying PTC. First, PTC has a good prognosis and only a small proportion of tumors recur after resection. Second, the methods for linking highly dimensional features to continuous variables (such as survival) have not been well described. Using a machine learning algorithm designed to circumvent these problems, genes most consistently associated with recurrence were identified. Submitting those genes to conventional unsupervised methods of classification facilitated identification of unique molecular subtypes.

Prognostic biomarker development has primarily relied on Cox Proportional Hazard (PH) analysis. However, applying Cox PH to a highly dimensional molecular profiling dataset (e.g., a dataset consisting of over 20,000 mRNA transcripts) would result in a highly overfitted model. Another problem with using a Cox PH model on genomic data is the key assumption that proportional hazard functions remain proportional over time. Assigning a linear risk score function to genes may not be valid, as fluctuations in the survival risk in the range of expression can occur (37). Another issue with biomarker development is that the random splitting of a single cohort into discovery and validation (test) cohorts can potentially result in the spurious identification of genes that are a product of the composition of the discovery cohort. HighLifeR addresses these challenges by testing the effects of many permutations of genes in numerous virtual cohorts, ranking genes by their strength of association with the survival outcome and by the consistency of their effect. As a result, it is well suited for identifying molecular features that have a significant relationship with survival outcomes in highly dimensional genomic datasets. Another machine learning algorithm (EACCD) has previously been employed to identify prognostic groups in thyroid cancer using clinical variables (38). The EACCD algorithm relies on categorical variables as input. When continuous variables are encountered (e.g., tumor size), arbitrary cut-offs must be utilized, limiting the algorithm’s usefulness for identifying prognostic genes.

Several other groups have interrogated the TCGA cohort, utilizing series of Cox Proportional Hazards regression survival analyses to identify prognostic gene signatures for PTC. One study identified 38 genes significantly associated with PTC progression, and 24 of these genes were related to the FOXM1 signaling pathway (14). Six of the genes identified by that group overlapped with our gene set (TTK, EZH2, SKA3, KIF4A, HIST2H2BF, BUB1). We also observed positive enrichment of the FOXM1 pathway in Type 3 and Type 2 PTCs. The 5-year time-related AUROC was 0.72. Two groups describing panels of 5 prognostic genes (none of which are present in our gene list) had AUROCs of 0.59 and 0.75 (39, 40). Finally, Yang et al. reported on a risk score based on immune infiltrate determined by the CIBERSORT algorithm (41). Like us, they found an association of immune checkpoint gene expression and poor prognosis. The AUROC using their approach was 0.71. The strength of our approach is the relatively favorable degree of prognostic accuracy (AUROC 0.80). Moreover, the subtypes we have identified provide meaningful and actionable biological insight by describing potential therapeutic targets.

Importantly, we have described how our prognostic signature can be leveraged with two simple clinical data points: tumor size and lymph node status (used to dichotomize early and advanced PTC). The gene signature by itself performs favorably in comparison to other prognostic gene signatures (41). In conjunction with the clinical dichotomization, a subgroup with a low risk of recurrence is identified with greater specificity than the current ATA risk stratification system. This has significant potential to direct clinical decisions. Patients can be selected for less aggressive treatments with greater assurance (including simple observation in some instances). At the same time, higher risk patients can be treated more appropriately with total thyroidectomy ± RAI. The identification of a molecular subgroup with a high risk of recurrence independent of tumor stage (Type 3 PTCs) is particularly impactful in this regard.

Our gene signature technology can potentially be applied to fine needle aspirates (FNA) from thyroid nodules. Currently, commercially available genomic assays for thyroid nodule aspirates (such as ThyroSeq (42) and Thyrospec (43)) focus on diagnosis and estimating the risk of malignancy, particularly in indeterminate cell samples (Bethesda 4). Another such test, Afirma (44), described as a genomic sequencing classifier, also detects gene variants (including BRAFV600E mutations) and fusions in nodules that are clearly malignant (Bethesda 6) or are suspicious for malignancy (Bethesda 5). Our data demonstrate the limited utility of BRAFV600E mutations and other genomic features for prognostication. Moreover, the transcriptomic classification we have described is biologically more informative. Being able to estimate prognosis pre-operatively would facilitate selection of patients for active surveillance, hemithyroidectomy or total thyroidectomy ± lymphadenectomy.

The three molecular subgroups that we have discovered could also potentially inform non-surgical treatment. Ras-like Type 1 PTCs are predicted to derive the greatest benefit from RAI. If future studies confirm that some Type 2 and 3 PTCs are RAI resistant, then strategies to restore the tumor’s capacity for RAI uptake are available. Currently, there are only two approved targeted therapies for patients with RAI-refractory PTC; the tyrosine kinase inhibitors sorafenib and lenvatinib. These inhibitors exert their effect by blocking the MAPK pathway (45). However, they have considerable toxicity and a short-lived efficacy. The biological characteristics of our molecular subtypes have uncovered future avenues for clinical research, including the use of EZH2 inhibitors and immunotherapy as primary or adjuvant therapies.

Our study is limited by a lack of prospective validation, but the clinical implications of our work to date are clear. We describe novel molecular subgroups of PTC and identify new potential therapeutic targets. We identify, with specificity, patient subgroups at low-risk and high-risk of disease recurrence. Most importantly, we offer a means to refine and improve clinical care in the future by outlining a diagnostic test that simplifies clinical decision making.




4 Methods



4.1 Patients and transcriptional data for prognostic model

To train and validate the prognostic classifier, we used the RNA-seq dataset from PTC primary tumor samples. These are available in the Cancer Genome Atlas (TCGA) consortium database (https://portal.gdc.cancer.gov/). Details of the patient inclusion criteria, sites of sample collection, and transcriptional analysis methodology can be found elsewhere (9). The data were randomly split into thirds. Two thirds (N = 335) were assigned to be the discovery dataset and the remaining third was assigned to be the validation set (N = 167). Additional accompanying TCGA data (e.g., mutation data and copy number variation data) were downloaded using the TCGAbiolinks package (version 2.19.0) (46) and from Genomic Data Commons (47). Harmonized molecular data were used (aligned to hg38).

Two-tailed Student’s t-tests, ANOVA tests, correlations, Fisher’s Exact tests, Pearson Chi-squared tests and McNemar’s test were conducted using IBM-SPSS v.28.0 statistical software (IBM). P and N values are indicated in the figure legends or in the figures themselves. The R package smoothROCtime was used for time-dependent ROC curve estimations (48). Unless otherwise stated, P < 0.05 was considered significant.




4.2 Identification of prognostic genes

HighLifeR was designed to address the intrinsic problems with Cox Proportional Hazard analysis in highly dimensional genomic datasets. Specifically, the Cox method requires a minimum number of events per variable studied, and has limited capacity filtering of the most impactful, yet non-parallel, variables (genes), limiting its suitability for multivariable analysis of high-dimension genomic datasets. HighLifeR leverages the Partial Cox Regression method of Li and Gui (49). In the HighLifeR algorithm, the multivariable Cox proportional hazards are estimated through recursive generation of predictive latent components. This was done using a partial least squares (PLS) extension on survival data by testing millions of combinations of genes and patients in a regulated machine learning environment. The training population is also randomized into “virtual cohorts” over the course of 20 rounds of testing, each composed of at least 70% of patients, with resampling. This approach limits the effect from outliers and substantially reduces the dataset dimensionality, and it can be used to generate a PC-R based model for predicting survival outcomes. It is applicable when prior knowledge is limited, such as in genomic studies. At the same time, it is possible to adjust for known prognostic factors by stratifying the virtual cohorts.

Three main components of the HighLifeR statistical pipeline include: 1. massively-parallel combinatorial rounds to establish the prognostic associations for each gene in the variable space; 2. selection of variables (genes) with the highest potential from step 1 for the purpose of developing an accurate and comprehensive, yet parsimonious, prognostic classifiers; and 3. construction of a composite prognostic scoring model. Wide implementation of randomization procedures in the pipeline, including sample allocation to discovery and validation sets and in combination rounds, reduces the possibility of detecting a sample set-dependent prognostic profile. To select prognostic genes, we required genes to be consistently ranked among the top 200 genes based on their association with time to recurrence and have a prognostic impact (Wald statistic) greater than the half of the maximum Wald statistic in our training set (>4.7).




4.3 Identification of risk classes

We identified prognostic genes using HighLifeR and then conducted unsupervised clustering in the discovery dataset to see how patients were grouped based on the expression of these genes. We then created Kaplan-Meier survival curves to compare groups identified by unsupervised clustering and tested for group differences (Log-Rank Test) using IBM-SPSS v.28.0 statistical software (IBM). Once clusters in the training set were determined, genes in the clusters were used to build the prognostic classifiers. These gene clusters were then compared using the test dataset. Prognostic model development and testing were conducted using the WEKA software suite (version 3.8.4) (50). Heatmaps and unsupervised clustering were conducted in R using the ComplexHeatmap package (version 2.10.0) (51).




4.4 Differential mutation

Raw maf files containing mutation data were analyzed. Oncoplots and coOncoplots were created for visualization using the R package maftools (version 2.6.05) (52). Differential mutation was also conducted using maftools which performs Fisher’s test to compare mutations frequency between two groups.




4.5 Differential expression

RNA-seq data (HT-Seq counts) were downloaded, prepared, and normalized using TCGAbiolinks. Differential expression was conducted using the EdgeR method (53). The low-risk group served as the reference group. We used log2 Fold Change >1 and adjusted p values <0.05 to identify differentially expressed genes. mRNA functional analysis included submitting differentially expressed genes to IPA (QIAGEN Inc., https://www.qiagenbioinformatics.com/products/ingenuitypathway-analysis) and Gene Set Enrichment (GSEA) (54) analysis using the 50 molecular signatures called the Hallmark gene sets.




4.6 Differential methylation

Beta values (Infinium Human Methylation 450k platform) were downloaded using the GDC Data Transfer Tool User (version 1.6.1). Somatic differentially methylated CpGs analysis was conducted using the TCGAanalyze_DMC function in TCGAbiolinks. Significance cut-offs were an adjusted p-value of <0.05 and a mean difference in beta values > 0.2. Once differentially DNA methylated genes were identified, integration of the differentially expressed genes allowed us to explore genes which were hyper-methylated and down-regulated and/or hypo-methylated and up-regulated in each risk group compared with the low-risk group (which always served as the reference group). A starburst plot was created for each risk comparison for visualization of the methylation and gene expression relationships. In the starburst plots, the p-values are multiplied by the sign of difference of beta values. The dashed black lines indicate the p-value at 0.05. The function of the genes highlighted in the starburst plots was examined manually or using IPA software.




4.7 Differential miRNA

BCGSC miRNA Profiling Pipeline data were downloaded using TCGAbiolinks. Differentially expressed miRNA were identified using the DESeq2 package (55). miRNA-gene pairs were identified, which corresponded to functional validation publications reported by MiRTarBase (version 9.0) (56), for stronger (luciferase reporter, qPCR, western blot) and weaker experimental evidence types. Differentially downregulated genes were paired to differentially upregulated miRNA, and differentially upregulated genes were paired to differentially downregulated miRNA. These pairs were submitted to IPA for pathway analysis.




4.8 Immune cell infiltration analysis

Immune cell fractions were estimated using the mixed sample gene expression deconvolution algorithm CIBERSORT (57). Using a set of 22 immune cell reference expression profiles (LM22 signature matrix), the relative abundance of immune cells in the tissue were estimated. The overall fraction of each immune cell type in the tissue was calculated by multiplying the CIBERSORT relative abundance in the leukocyte fraction (LF), as explained elsewhere (58).

The T cell-inflamed gene expression profile (GEP) was derived across a variety of solid tumors. It is composed of 18 inflammatory genes related to antigen presentation, chemokine expression, cytolytic activity, and adaptive immune resistance, including CCL5, CD27, CD274 (PD-L1), CD276 (B7-H3), CD8A, CMKLR1, CXCL9, CXCR6, HLA-DQA1, HLA-DRB1, HLA-E, IDO1, LAG3, NKG7, PDCD1LG2 (PDL2), PSMB10, STAT1, and TIGTT (59). The GEP scores were calculated as a weighted sum of normalized expression values for the 18 genes listed above.




4.9 External validation set

To validate our prognostic model, we accessed another public dataset containing RNA-Seq data from PTC tumors from 124 Korean patients with PTC (PRJEB11591) (22) and from 10 cases of ATC (PRJNA523137) (11). Details regarding sequencing can be found elsewhere (11, 22). FASTQ files were accessed from the European Nucleotide Archive using BaseSpace (https://basespace.illumina.com/home/indexIllumina, San Diego CA) and were subsequently analyzed using FASTQC for quality control (https://www.bioinformatics.babraham.ac.uk/projects/fastqc). Salmon was used to quantify transcript abundance from RNA-Seq reads on the Galaxy web interface (60, 61). TPM counts were scaled prior to prognostication using our prediction model.




4.10 Targeted RNASeq for molecular classification of clinical samples

This analysis was approved by the Health Research Ethics Board of Alberta Cancer Committee (Ethics no. HREBA.CC-18-0285). All patients included in this study provided written informed consent and all methods and analyses of patient materials and data were carried out in accordance with human subject research guidelines and regulations. Fresh frozen papillary thyroid carcinoma samples (N = 136) were acquired from the tumor bank in Edmonton, Canada and stored at -80°C prior to analysis. RNA was extracted using the RNeasy Mini Kit (Qiagen) according to manufacturer’s instructions. The integrity of RNA was determined by electrophoresis using 2100 Bioanalyzer (Agilent Technologies).

A custom panel was designed using probes for the 82 prognostic genes and 10 internal controls. Internal controls were selected based on their low expression variance between tumors; 5 were high abundance genes, and 5 were low abundance genes. External RNA controls developed by the External RNA Controls Consortium (ERCC; Invitrogen/Thermo Fisher) composed of 92 unique transcripts derived and traceable from NIST-certified DNA plasmids were added for technical quality control.

cDNA synthesis and library preparation were performed according to the Illumina RNA prep with enrichment (L) tagmentation protocol. The prepared libraries were pooled and sequenced on the Illumina MiSeq platform using the custom panel designed using the HighLifeR prognostic genes, the internal controls and the ERCC transcripts. MiSeq Reagents Kit v3 (Illumina) were used according to the manufacturer’s instructions. Sequenced reads were quality control (QC) checked using FastQC (version 0.11.9), trimmed using Fastp (version 0.23.2), and, quantified using Salmon (1.5.1) (60) using the quasi-mapping mode. FastQC, Fastp and Salmon were run on Galaxy (version 22.05) Transcript level counts were summarized to gene level using tximport (version 1.24.0). Gene level data were used for the prediction using classification models designed to classify tumors as Type 1, Type 2, or Type 3.






Data availability statement

The THCA TCGA datasets can be accessed using the Genomic Data Commons Data Portal (https://portal.gdc.cancer.gov/). Publicly available datasets used for external validation are available through the European Nucleotide Archive: the Korean cohort ID is PRJEB1159 (https://www.ebi.ac.uk/ena/browser/view/PRJEB11591) and the anaplastic thyroid carcinoma cohort ID is PRJNA523137 (https://www.ebi.ac.uk/ena/browser/view/PRJNA523137). The datasets locally generated during the current study are available from the corresponding author on reasonable request.





Ethics statement

The studies involving humans were approved by Health Research Ethics Board of Alberta Cancer Committee. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

SC, CS, FF, AH and OB conceived and planned the experiments and clinical data analysis. CS, FF, DS, NA, AS performed genomic and bioinformatic analyses. FF and KK created the machine learning algorithm in collaboration with OB. YP, CS and NA analyzed the Korean cohort. CS, MK and FK analyzed the validation cohort. CS and FK validated the targeted RNASeq assay. SC, AH, YP and OB reviewed the data in its clinical context. SC, CS and OB wrote the manuscript in consultation with AH. All authors reviewed and approved the final draft of the manuscript. All authors contributed to the article and approved the submitted version.




Acknowledgments

The authors wish to thank Gaurav Tripathi for his technical assistance in running the targeted RNASeq, and Manuel Machon for his analysis of data related to TDS and BRAF mutations.





Conflict of interest 

The authors declare the following competing interests: The intellectual property is owned by Qualisure Diagnostics Inc. and SC, CS, FF, KK and OB own shares in Qualisure Diagnostics Inc.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2023.1220617/full#supplementary-material




References

1. Davies, L, and Welch, HG. Current thyroid cancer trends in the United States. JAMA Otolaryngol Head Neck Surg (2014) 140:317–22. doi: 10.1001/jamaoto.2014.1

2. Wiltshire, JJ, Drake, TM, Uttley, L, and Balasubramanian, SP. Systematic review of trends in the incidence rates of thyroid cancer. Thyroid (2016) 26:1541–52. doi: 10.1089/thy.2016.0100

3. Vaccarella, S, Franceschi, S, Bray, F, Wild, CP, Plummer, M, and Dal Maso, L. Worldwide thyroid-cancer epidemic? Increasing Impact Overdiagnosis. N Engl J Med (2016) 375:614–7. doi: 10.1056/NEJMp1604412

4. Sciuto, R, ROmano, L, Rea, S, Marandino, F, Sperduti, I, and Maini, CL. Natural history and clinical outcome of differentiated thyroid carcinoma: a retrospective analysis of 1503 patients treated at a single institution. Ann Oncol (2009) 20:1728–35. doi: 10.1093/annonc/mdp050

5. Haugen, BR, Alexander, EK, Bible, KC, Doherty, GM, Mandel, SJ, Nikiforov, YE, et al. 2015 American thyroid association management guidelines for adult patients with thyroid nodules and differentiated thyroid cancer: the american thyroid association guidelines task force on thyroid nodules and differentiated thyroid cancer. Thyroid (2016) 26:1–133. doi: 10.1089/thy.2015.0020

6. Tuttle, RM, Tala, H, Shah, J, Leboeuf, R, Ghossein, R, Gonen, M, et al. Estimating risk of recurrence in differentiated thyroid cancer after total thyroidectomy and radioactive iodine remnant ablation: using response to therapy variables to modify the initial risk estimates predicted by the new American Thyroid Association staging system. Thyroid (2010) 20:1341–9. doi: 10.1089/thy.2010.0178

7. Castagna, MG, Maino, F, Cipri, C, Belardini, V, Theodoropoulou, A, Cevenini, G, et al. Delayed risk stratification, to include the response to initial treatment (surgery and radioiodine ablation), has better outcome predictivity in differentiated thyroid cancer patients. Eur J Endocrinol (2011) 165:441–6. doi: 10.1530/EJE-11-0466

8. Barbaro, D, Incensati, RM, Materazzi, G, Boni, G, Grosso, M, Panicucci, E, et al. The BRAF V600E mutation in papillary thyroid cancer with positive or suspected pre-surgical cytological finding is not associated with advanced stages or worse prognosis. Endocrine (2014) 45:462–8. doi: 10.1007/s12020-013-0029-5

9. Cancer Genome Atlas Research Network. Integrated genomic characterization of papillary thyroid carcinoma. Cell (2014) 159:676–90. doi: 10.1016/j.cell.2014.09.050

10. Odate, T, Oishi, N, Kawai, M, Tahara, I, Mochizuki, K, Akaishi, J, et al. Progression of papillary thyroid carcinoma to anaplastic carcinoma in metastatic lymph nodes: solid/insular growth and hobnail cell change in lymph nodes are predictors of subsequent anaplastic transformation. Endocr Pathol (2021) 32:347–56. doi: 10.1007/s12022-021-09674-1

11. Haase, J, Misiak, D, Bauer, M, Pazaitis, N, Braun, J, Potschke, R, et al. IGF2BP1 is the first positive marker for anaplastic thyroid carcinoma diagnosis. Mod Pathol (2021) 34:32–41. doi: 10.1038/s41379-020-0630-0

12. Liberzon, A, Birger, C, Thorvaldsdottir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Syst (2015) 1:417–25. doi: 10.1016/j.cels.2015.12.004

13. Ahmed, M, Uddin, S, Hussain, AR, Alyan, A, Jehan, Z, Al-Dayel, F, et al. FoxM1 and its association with matrix metalloproteinases (MMP) signaling pathway in papillary thyroid carcinoma. J Clin Endocrinol Metab (2012) 97:E1–E13. doi: 10.1210/jc.2011-1506

14. Cheng, Q, Li, X, Acharya, CR, Hyslop, T, and Sosa, JA. A novel integrative risk index of papillary thyroid cancer progression combining genomic alterations and clinical factors. Oncotarget (2017) 8:16690–703. doi: 10.18632/oncotarget.15128

15. Tang, Q, Li, J, Zhu, H, Li, P, Zou, Z, and Xiao, Y. Hmgb1-IL-23-IL-17-IL-6-Stat3 axis promotes tumor growth in murine models of melanoma. Mediators Inflammation (2013) 2013:713859. doi: 10.1155/2013/713859

16. Kortylewski, M, Xin, H, Kujawski, M, Lee, H, Liu, Y, Harris, T, et al. Regulation of the IL-23 and IL-12 balance by Stat3 signaling in the tumor microenvironment. Cancer Cell (2009) 15:114–23. doi: 10.1016/j.ccr.2008.12.018

17. Padua Alves, C, Fonseca, AS, Muys, BR, de Barros, ELBR, Burger, MC, de Souza, JE, et al. Brief report: The lincRNA Hotair is required for epithelial-to-mesenchymal transition and stemness maintenance of cancer cell lines. Stem Cells (2013) 31:2827–32. doi: 10.1002/stem.1547

18. Li, Q, Dong, C, Cui, J, Wang, Y, and Hong, X. Over-expressed lncRNA HOTAIRM1 promotes tumor growth and invasion through up-regulating HOXA1 and sequestering G9a/EZH2/Dnmts away from the HOXA1 gene in glioblastoma multiforme. J Exp Clin Cancer Res (2018) 37:265. doi: 10.1186/s13046-018-0941-x

19. Tian, X, Ma, J, Wang, T, Tian, J, Zhang, Y, Mao, L, et al. Long non-coding RNA HOXA transcript antisense RNA myeloid-specific 1-HOXA1 axis downregulates the immunosuppressive activity of myeloid-derived suppressor cells in lung cancer. Front Immunol (2018) 9:473. doi: 10.3389/fimmu.2018.00473

20. Lu, J, Zhang, Y, Sun, M, Ding, C, Zhang, L, Kong, Y, et al. Multi-omics analysis of fatty acid metabolism in thyroid carcinoma. Front Oncol (2021) 11:737127. doi: 10.3389/fonc.2021.737127

21. Wen, S, Luo, Y, Wu, W, Zhang, T, Yang, Y, Ji, Q, et al. Identification of lipid metabolism-related genes as prognostic indicators in papillary thyroid cancer. Acta Biochim Biophys Sin (Shanghai) (2021) 53:1579–89. doi: 10.1093/abbs/gmab145

22. Yoo, SK, Lee, S, Kim, SJ, Jee, HG, Kim, BA, Cho, H, et al. Comprehensive analysis of the transcriptional and mutational landscape of follicular and papillary thyroid cancers. PloS Genet (2016) 12:e1006239. doi: 10.1371/journal.pgen.1006239

23. Cheng, SP, Chien, MN, Wang, TY, Lee, JJ, Lee, CC, and Liu, CL. Reconsideration of tumor size threshold for total thyroidectomy in differentiated thyroid cancer. Surgery (2018) 164:504–10. doi: 10.1016/j.surg.2018.04.019

24. Dhir, M, McCoy, KL, Ohori, NP, Adkisson, CD, LeBeau, SO, Carty, SE, et al. Correct extent of thyroidectomy is poorly predicted preoperatively by the guidelines of the American Thyroid Association for low and intermediate risk thyroid cancers. Surgery (2018) 163:81–7. doi: 10.1016/j.surg.2017.04.029

25. Lang, BH, Shek, TW, and Wan, KY. The significance of unrecognized histological high-risk features on response to therapy in papillary thyroid carcinoma measuring 1-4 cm: implications for completion thyroidectomy following lobectomy. Clin Endocrinol (Oxf) (2017) 86:236–42. doi: 10.1111/cen.13165

26. Kluijfhout, WP, Pasternak, JD, Lim, J, Kwon, JS, Vriens, MR, Clark, OH, et al. Frequency of high-risk characteristics requiring total thyroidectomy for 1-4 cm well-differentiated thyroid cancer. Thyroid (2016) 26:820–4. doi: 10.1089/thy.2015.0495

27. Murthy, SP, Balasubramanian, D, Subramaniam, N, Nair, G, Babu, MJC, Rathod, PV, et al. Prevalence of adverse pathological features in 1 to 4 cm low-risk differentiated thyroid carcinoma. Head Neck (2018) 40:1214–8. doi: 10.1002/hed.25099

28. Craig, SJ, Bysice, AM, Nakoneshny, SC, Pasieka, JL, and Chandarana, SP. The identification of intraoperative risk factors can reduce, but not exclude, the need for completion thyroidectomy in low-risk papillary thyroid cancer patients. Thyroid (2020) 30:222–8. doi: 10.1089/thy.2019.0274

29. Riesco-Eizaguirre, G, Rodriguez, I, de la Vieja, A, Costamagna, E, Carrasco, N, Nistal, M, et al. The BRAFV600E oncogene induces transforming growth factor beta secretion leading to sodium iodide symporter repression and increased Malignancy in thyroid cancer. Cancer Res (2009) 69:8317–25. doi: 10.1158/0008-5472.CAN-09-1248

30. Chakravarty, D, Santos, E, Ryder, M, Knauf, JA, Liao, XH, West, BL, et al. Small-molecule MAPK inhibitors restore radioiodine incorporation in mouse thyroid cancers with conditional BRAF activation. J Clin Invest (2011) 121:4700–11. doi: 10.1172/JCI46382

31. Wang, X, Zhu, J, Li, Z, and Wei, T. The benefits of radioactive iodine ablation for patients with intermediate-risk papillary thyroid cancer. PloS One (2020) 15:e0234843. doi: 10.1371/journal.pone.0234843

32. Kim, SK, Woo, JW, Lee, JH, Park, I, Choe, JH, Kim, JH, et al. Radioactive iodine ablation may not decrease the risk of recurrence in intermediate-risk papillary thyroid carcinoma. Endocr Relat Cancer (2016) 23:367–76. doi: 10.1530/ERC-15-0572

33. Fu, H, Cheng, L, Sa, R, Jin, Y, and Chen, L. Combined tazemetostat and MAPKi enhances differentiation of papillary thyroid cancer cells harbouring BRAF(V600E) by synergistically decreasing global trimethylation of H3K27. J Cell Mol Med (2020) 24:3336–45. doi: 10.1111/jcmm.15007

34. Ho, AL, Grewal, RK, Leboeuf, R, Sherman, EJ, Pfister, DG, Deandreis, D, et al. Selumetinib-enhanced radioiodine uptake in advanced thyroid cancer. N Engl J Med (2013) 368:623–32. doi: 10.1056/NEJMoa1209288

35. Cristescu, R, Mogg, R, Ayers, M, Albright, A, Murphy, E, Yearley, J, et al. Pan-tumor genomic biomarkers for PD-1 checkpoint blockade-based immunotherapy. Science (2018) 362:eaar3593. doi: 10.1126/science.aar3593

36. Mehnert, JM, Varga, A, Brose, MS, Aggarwal, RR, Lin, CC, Prawira, A, et al. Safety and antitumor activity of the anti-PD-1 antibody pembrolizumab in patients with advanced, PD-L1-positive papillary or follicular thyroid cancer. BMC Cancer (2019) 19:196. doi: 10.1186/s12885-019-5380-3

37. Li, H, and Luan, Y. Boosting proportional hazards models using smoothing splines, with applications to high-dimensional microarray data. Bioinformatics (2005) 21:2403–9. doi: 10.1093/bioinformatics/bti324

38. Yang, CQ, Gardiner, L, Wang, H, Hueman, MT, and Chen, D. Creating prognostic systems for well-differentiated thyroid cancer using machine learning. Front Endocrinol (Lausanne) (2019) 10:288. doi: 10.3389/fendo.2019.00288

39. Wu, M, Yuan, H, Li, X, Liao, Q, and Liu, Z. Identification of a five-gene signature and establishment of a prognostic nomogram to predict progression-free interval of papillary thyroid carcinoma. Front Endocrinol (Lausanne) (2019) 10:790. doi: 10.3389/fendo.2019.00790

40. He, J, Tian, Z, Yao, X, Yao, B, Liu, Y, and Yang, J. A novel RNA sequencing-based risk score model to predict papillary thyroid carcinoma recurrence. Clin Exp Metastasis (2020) 37:257–67. doi: 10.1007/s10585-019-10011-4

41. Yang, Z, Wei, X, Pan, Y, Xu, J, Si, Y, Min, Z, et al. A new risk factor indicator for papillary thyroid cancer based on immune infiltration. Cell Death Dis (2021) 12:51. doi: 10.1038/s41419-020-03294-z

42. Selvaggi, SM. The role of ThyroSeq V3 testing in the management of patients with indeterminate thyroid nodules on fine needle aspiration. Diagn Cytopathol (2021) 49:838–41. doi: 10.1002/dc.24751

43. Stewardson, P, Eszlinger, M, and Paschke, R. DIAGNOSIS OF ENDOCRINE DISEASE: Usefulness of genetic testing of fine-needle aspirations for diagnosis of thyroid cancer. Eur J Endocrinol (2022) 187:R41–52. doi: 10.1530/EJE-21-1293

44. Yang, Z, Zhang, T, Layfield, L, and Esebua, M. Performance of Afirma Gene Sequencing Classifier versus Gene Expression Classifier in thyroid nodules with indeterminate cytology. J Am Soc Cytopathol (2022) 11:74–8. doi: 10.1016/j.jasc.2021.07.002

45. Tahara, M. Management of recurrent or metastatic thyroid cancer. ESMO Open (2018) 3:e000359. doi: 10.1136/esmoopen-2018-000359

46. Colaprico, A, Silva, TC, Olsen, C, Garofano, L, Cava, C, Garolini, D, et al. TCGAbiolinks: an R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res (2016) 44:e71. doi: 10.1093/nar/gkv1507

47. Heath, AP, Ferretti, V, Agrawal, S, An, M, Angelakos, JC, Arya, R, et al. The NCI genomic data commons. Nat Genet (2021) 53:257–62. doi: 10.1038/s41588-021-00791-5

48. Díaz-Coto, S, Martínez-Camblor, P, and Pérez-Fernández, S. smoothROCtime: an R package for time-dependent ROC curve estimation. Comput Stat (2020) 35:1231–51. doi: 10.1007/s00180-020-00955-7

49. Li, H, and Gui, J. Partial Cox regression analysis for high-dimensional microarray gene expression data. Bioinformatics (2004) 20 Suppl 1:i208–15. doi: 10.1093/bioinformatics/bth900

50. Frank, E, Hall, M, Trigg, L, Holmes, G, and Witten, IH. Data mining in bioinformatics using Weka. Bioinformatics (2004) 20:2479–81. doi: 10.1093/bioinformatics/bth261

51. Gu, Z, Eils, R, and Schlesner, M. Complex heatmaps reveal patterns and correlations in multidimensional genomic data. Bioinformatics (2016) 32:2847–9. doi: 10.1093/bioinformatics/btw313

52. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res (2018) 28:1747–56. doi: 10.1101/gr.239244.118

53. Robinson, MD, McCarthy, DJ, and Smyth, GK. edgeR: a Bioconductor package for differential expression analysis of digital gene expression data. Bioinformatics (2010) 26:139–40. doi: 10.1093/bioinformatics/btp616

54. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U.S.A. (2005) 102:15545–50. doi: 10.1073/pnas.0506580102

55. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol (2014) 15:550. doi: 10.1186/s13059-014-0550-8

56. Huang, HY, Lin, YC, Li, J, Huang, KY, Shrestha, S, Hong, HC, et al. miRTarBase 2020: updates to the experimentally validated microRNA-target interaction database. Nucleic Acids Res (2020) 48:D148–54. doi: 10.1093/nar/gkz896

57. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12:453–7. doi: 10.1038/nmeth.3337

58. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The immune landscape of cancer. Immunity (2018) 48:812–830 e14. doi: 10.1016/j.immuni.2018.03.023

59. Ayers, M, Lunceford, J, Nebozhyn, M, Murphy, E, Loboda, A, Kaufman, DR, et al. IFN-gamma-related mRNA profile predicts clinical response to PD-1 blockade. J Clin Invest (2017) 127:2930–40. doi: 10.1172/JCI91190

60. Patro, R, Duggal, G, Love, MI, Irizarry, RA, and Kingsford, C. Salmon provides fast and bias-aware quantification of transcript expression. Nat Methods (2017) 14:417–9. doi: 10.1038/nmeth.4197

61. Afgan, E, Baker, D, Batut, B, van den Beek, M, Bouvier, D, Cech, M, et al. The Galaxy platform for accessible, reproducible and collaborative biomedical analyses: 2018 update. Nucleic Acids Res (2018) 46:W537–44. doi: 10.1093/nar/gky379




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Craig, Stretch, Farshidfar, Sheka, Alabi, Siddiqui, Kopciuk, Park, Khalil, Khan, Harvey and Bathe. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fendo-14-1220617-g005.jpg
>

EZH2 Normalized Gene Expression

o

T cell-Inflamed Gene Expression Profile Score

p <222e-16

p <222e-16

-2

p<222e-16

7.4e-12

Type 3

2.7e-10

Type 3

Log2 gene expression

Thyroid Differentiation Score

=<1 w1100 mmm>0

12 -
9 ‘ ‘ ‘
6
3
EZH2 cD274

HOTAIR,
HOTAIRM1





OEBPS/Images/fendo-14-1220617-g002.jpg
Enrichment Score

18000

16000

14000

12000

20000

18000

16000

19000

18000

17000+

16000

15000

17500

15000

12500

10000

17000

15000

13000

11000

9000

G2M checkpoint

Mitotic spindle

Cholesterol homeostatis

<2.22e-16 19000 0.00021 0.015
P p <2.22e-16 20000-
p <2.22e-16 ‘ _ p<2.22e-16
‘ ‘ <2.22e-16
0.0029 ; 18000, ot 10000, P <222e-16
18000 +
: 17000
; ' : 17000
16000 !
16000
15000 - 15000 .
Type1 Type2 Type3 Type1 Type2 Type3 Type1 Type2 Type3
Interferon alpha response Interferon gamma response Androgen response
5.6e-14 21000 3.7e-15 1.9e-05
p <2.22e-16 p <2.22e-16 19000 p <2.22e-16
‘ 5 ; _ ‘ ) < 2.22e~16
p < 2.22e-16 19000, PS222e=16 p=c.cce=l
18000 +
H
17000 17000 H :
- : 15000 - : ! 16000
, ' . 13000 15000 : | |
Type 1 Type2  Type3 Type 1 Type2  Type3 Type 1 Type 2 Type 3
Apical junction Complement E2F targets
4.9e-05 2.4e-06 | ¥
pe2zete | 20 peazzete e
Z : p‘< 2 9%26-16 ‘ p <2.22e-16
p <2.22e-16 : 0.0026
et 18000 + * 16000- |
| i :
16000- : i
: i ) . 14000-
H * :
140000 | :
12000
Type 1 Type 2 Type 3 Type 1 Type 2 Type 3 Type 1 Type2 Type3
Inflammatory response Angiogenesis Coagulation
1.5e-07 7.6e=05 zﬁ
p <2.22e-16 20000, p < 2.22e-16 \ 'S £l |
‘ p <2.22e-16 19000, P <2.22e-16
p<2.22e-1 < 2.22e-16 :
17500-
17000 '
] !
15000 ;
15000
12500
. 13000 .
Type1 Type2 Type3 Type1  Type2  Type3 Type1  Type2  Type3
Bile acid metabolism Allograft regection KRAS signaling
5 222.81(56_05 20000  4.2e-16 4.2e-09
p< - p <2.22e-16 p <2.22e-16
p<222€ -16 pr<222e16 1 10000 T
18000 e p.< 2.22e—1€'5
14000 ! 0
: 12000 : :
. : . -5000-
Type 1 Type2  Type3 Type1 Type2  Type3 Type 1 Type2  Type3

IL6 JAK STAT3 signaling

4.7e-11
| |
p <2.22e-16
17500
p <2.22e-16
|
15000:
12500 :
Type 1 Type2 Type3
Adipogenesis
19000 1.3e-08
5.1e-12 ‘
18500 0.0002
18000
17500 +
17000
16500 :
Type 1 Type 2 Type 3
Epithelial mesenchymal transition
3.6e-06
p <2.22e-16
20000 p <2291 '<2.22e-16
18000 + *
16000
14000 _ . . .
Type 1 Type 2 Type 3
IL2 STATS signaling
0.001
p <2.22e-16
18000 <2 20e-1 16
16000-
14000 )
Type1 Type2 Type3
KRAS signaling down
20000 2.9e-06
p <2.22e-16
p < 2.22e-16
15000- *
5000
Type 1 Type2 Type3





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A clinically useful and biologically informative genomic classifier for papillary thyroid cancer

      

        		

          1 Introduction

        



        		

          2 Results

        

          		

            2.1 Identification of robust molecular signatures associated with recurrence risk

          



          		

            2.2 Clinicopathological features of molecular subtypes

          



          		

            2.3 Biological features of Type 3 PTCs

          



          		

            2.4 Biological features of Type 2 PTCs

          



          		

            2.5 Biological features of Type 1 PTCs

          



          		

            2.6 External validation of molecular subtypes

          



          		

            2.7 Potential clinical utility of molecular risk stratification

          



          		

            2.8 Potential therapeutic approaches for aggressive PTCs

          



        



        



        		

          3 Discussion

        



        		

          4 Methods

        

          		

            4.1 Patients and transcriptional data for prognostic model

          



          		

            4.2 Identification of prognostic genes

          



          		

            4.3 Identification of risk classes

          



          		

            4.4 Differential mutation

          



          		

            4.5 Differential expression

          



          		

            4.6 Differential methylation

          



          		

            4.7 Differential miRNA

          



          		

            4.8 Immune cell infiltration analysis

          



          		

            4.9 External validation set

          



          		

            4.10 Targeted RNASeq for molecular classification of clinical samples

          



        



        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest 

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Factor

Type 1 (N = 126)

Molecular subtype

Type 2 (N = 237)

Type 3 (N = 139)

Sex, N (%)
Male
Female
Age, mean + SD
Race, N (%)
White
Black or African American
American Indian or Alaskan Native
Asian
Ethnicity, N (%)
Hispanic or Latino
Not Hispanic or Latino
Histological type, N (%)
Classical
Follicular
Tall Cell
Other
Focality, N (%)
Unifocal
Multifocal
Extrathyroidal spread, N (%)
None
Minimal
Gross (T4a and T4b)
T Stage, N (%)
T1
T2
T3
T4
N Stage, N (%)
NO/NX
N1
M Stage, N (%)
MO
M1
RAS mutation, N (%)
Absent
Present
BRAFV6%%F mutation, N (%)
Absent
Present
TERT promoter mutation, N (%)
Absent
Present
Thyroid Differentiation Score, N (%)
<-1
-1to 0
>0
BRAFV®%°E_RAS score, mean + SD
ATA Risk, N (%)
Low
Intermediate
High
AMES, N (%)
Low
High
MACIS score, N (%)
< 6.00
6.00 to 6.99
7.00 to 7.99

> 8.00

a = Pearson’s Chi-squared test.
b = Kruskal-Wallis test.
* = significant.

35 (27.8)

91 (72.2)

495 +15.3

69 (79.3)
8(9.2)
0(0.0)

10 (11.5)

6(7.0)

80 (93.0)

55 (43.7)
67 (53.2)
0(0.0)

4(32)

67 (54.0)

57 (46.0)

105 (88.2)
13 (10.9)

1(0.8)

40 (31.7)
56 (44.4)
28(222)

2(1.6)

104 (82.5)

22(17.5)

123 (98.4)

2(1.6)

82 (67.2)

40 (32.8)

118 (94.4)

7(56)

117 (94.4)

7(56)

3(3.0)
6 (6.1)
90 (90.9)

0.67 +0.43

106 (84.8)
7(56)

12 (9.6)

113 (90.4)

12 (9.6)

84 (71.2)
20 (169)
12 (102)

2(17)

66 (27.8)

171 (72.2)

46.8 + 143 ‘
|

160 (81.2)

12 (6.1)

0(0.0)

25 (12.7)

17 (9.1)

170 (90.9)

187 (78.9)
24 (10.1)
21 (8.9)

5(2.1)

119 (51.3)

113 (48.7)

141 (61.0)
82 (35.5)

8(3.5)

65 (274)
68 (28.7)
94 (39.7)

10 (4.2)

118 (49.8)

119 (50.2)

233 (98.3)

4(L7)

225 (95.7)

10 (43)

86 (36.3)

151 (63.7)

225 (95.7)

10 (43)

39 (21.3)
81 (44.3)
63 (34.4)

-0.65 + 0.45

146 (61.9)
51 (21.6)

39 (16.5)

198 (83.9)

38 (16.1)

182 (81.6)
22(9.9)
12 (54)

7(3.1)

19 (13.9)

0.84°
35(25.2)
104 (74.8)
461+ 18.4 0.14°
0.74°
102 (81.0)
7 (5.6)
1(0.8)
16 (12.7)
0.58°
14 (11.2)
111 (88.8)
<0.0001*
112 (80.6)
10 (7.2)
15 (10.8)
2(1.4)
0.38°
80 (58.8)
56 (41.2)
<0.0001*
86 (64.2)

39 (29.1)

9(6.7)

0.003*
39 (28.1)
41(29.5)
49 (35.3)
10 (7.2)

< 0.0001*
58 (41.7)
81 (58.3)

0.93°
136 (97.8)
3(22)

< 0.0001*
132 (98.5)
2(15)
< 0.0001*
64 (46.0)
75 (54.0)
0.002**

118 (86.1)

< 0.0001*

38 (37.3)
37 (36.3)
27 (26.5)
-0.60 + 0.49 \ < 0.0001*°
‘ <0.0001*
74 (53.2)
40 (28.8)
25 (18.0)
\ 0.06°
111 (79.9)
28 (20.1)
‘ 0.054°
99 (76.2)
13 (10.0)
9 (6.9)

9(6.9)





OEBPS/Images/fendo-14-1220617-g001.jpg
@

Type 3 Type
(N =90) (N=87) (N'=158)

JFTE'E!L ¥

,—-——l:——-—.—sl—-——..
TF IH"'“.-I
ynl

..:J

.-‘: '

B s t .rf#

Nl Gy ..,!-..lr. . i
I

o m[
i f"c.r"..ﬁ
! [ TI [

Recurrence

ATA Variant BRAFVSXE  RAS TERT Recurrence

MHigh M Ciassical g 1 M vutated M Mutated BMutated B Recurrence

intermediate gct:::icular 5 0.5

~ Low er 0

M Tall Cell 2 05
. .
5
i D
< 1.00 Legend < 100 Legend
% ‘—L"\l__\_ ~Type 1 0.75 g —~Type 1
-~ Type 2 ~Type 2
2075 J S—— Type 3 05 3075 Type 3
@
& 025 E
< 0.50 o < 0.50
S ?
2 ?
2025 03 2025
g Log-rank p = 0.0001 05 E’ Log-rank p = 0.005
E o
0.00 075 0.00

0 12 24 36 48 60
Months

0 12 24 36 48 60
-1 Months






OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/fendo-14-1220617-g003.jpg
CIBERSORT cell fraction

B cel B cel Dendritc cells activated Super  Immune
e W . IR S Dendritic cells resting =
0.00080 o005 025 085 - {1+ Gene Category Checkpint Type1 Type2 Type3
ey 6.5¢-06 04 0.00016 00096 8.1e-13 o8
0035 0093 00| 00022 7.8e-14 ooale
)
03] BTN3AT
o2 N 0.15 02] BTN3A2
- Sihiter
o2 . oo
Ve
: o0 4 cD276
b - . 0.1, sl W 10
: =5 ieuro
Soabie
o

oxets
25 TNFSF4
pe3 NG
Typez Typed e
36
Eosinophils Macrophages MO Macrophages M1 Macrophages M2 e,
0037 08 o 2.8e-06 000021 Lo
00035 8.40-06 28007 08 01 coro
018 off 3ze-07 o 03 TNESES
aid TGFBY
i VEGFS
o iy
cxscLr
Veara
TNERSFO
Crias
cos
Tier
iL2RA

o1

2 01

005,

oo i dGh ooo Eail i gk o0
Type1 Type2 Type3d Type1 Type2 Type3d Type 1 Type2 Type3 “Type 1

003

002

odf s g
b o

oot - =

005

oo — & g 000] o0l

Type 1 Type2 Typed Type 1 Type2 Typed Type 1 Type2 Typed Type 1 Type2 Typed

Mast cells resting Monocytes NK calls activated Plasma cells
000079 0054 0.0085
058 000013 6.3e-00
03 o014 03 oor7 o015 1.9e=05

02

02 010,

HLA-DGBT
HLADRBT
HL&DOAT
HLADRBS
HCADRA
HAC
A
HCADPB1
HADPAT
HLADGB2
T cells CD4 memory activated T cells CD4 memory resting T cells follicular helper T cells regulatory 7
00018 004 - 003t )
5 . T czA
00022 1.66-05 g o 796514 e
003 021 o8| 28e0s by=n T1e-10 are1

03 HnGa1
ENTPD? —

010,

01 o4

008

i L HE e },_ i

Type 1 Type2 Typed Type 1 Type2 Typed Type 1 Type2 Typed

002 o4 . 02, Super category Median relative expression

I Co-stmuiator B M
= fo—m:wh"" -1 -05 0 05 1
s

I Recertor Immune checkpoint
. Gl adhesion
Type 1 Type2 Typed Tyoe 1 Type2 Typed 1 Antgen presentaton

B otver

o001 02 04 005

o0 — . . op
Type 1 Type2 Typed Type 1

00,






OEBPS/Images/fendo-14-1220617-g004.jpg
Progression-free survival

PTC

1.00

0.75

0.50

0.25

Molecular Subtype

Legend
—1Type 1,2 Early
—I1Type 1,2 Advanced + Type 3

Log-rank p = 3.51 x 10-8

12 24 36 48 60
Months

Clinical Features

Apparent
Preoperatively

(¢}

Number of patients

Recurrence Rates

Type 1 Type 2 Type 3

Intermediate risk

Low risk (61.6 %)

ATA Molecular type Prognostic class





OEBPS/Images/table1.jpg
Risk Factor Univariate Analysis Multivariable Analysis

Hazard Ratio (95% ClI) Hazard Ratio (95% Cl)
Sex (female v. male) 1.78 (0.75 - 4.26) 0.19
Age (< 50 years v. > 50 years) 1.86 (0.80 — 4.32) 0.15
Tumor size (< 4 cm v. > 4 cm) 1.32 (0.48 - 3.61) 0.59
Histological type
Classical 1 (reference) 1 (reference)
Follicular 0.80 (0.23 - 2.77) 0.72 0.27 (0.05 - 1.47) 0.13
Tall Cell 4.25 (1.39 - 12.98) 0.01 5.98 (1.29 - 27.72) 0.02
Other 0.00 (0.00 - inf) 1.0 0.00 (0.00 - inf) 1.0
T stage
T1 1 (reference) 1 (reference)
T2 3.62 (0.78 - 16.77) 0.10 4.37 (0.90 - 21.28) 0.07
T3 4.02 (0.85 - 18.92) 0.08 3.10 (0.61 - 15.65) 0.17
T4 7.76 (1.28 - 46.92) 0.03 0.93 (0.08 - 11.34) 0.95
N stage (NO/NX v. N1) 1.22 (0.53 - 2.82) 0.65
M stage (MO v. M1) 8.92 (3.00 - 26.53) 822x10° 11.02 (1.48 - 82.16) 0.019
BRAFY*™* mutation (Absent v. Present) 1.66 (0.70 - 3.98) 025
TERT promoter mutation (Absent v. Present) 5.26 (2.06 - 13.45) 531x 107" 2.13 (0.49 - 9.30) 0.31

Thyroid Differentiation Score

<-1 1 (reference)
-1to 0 0.64 (0.21 - 1.90) 0.42
>0 0.46 (0.16 - 1.38) 0.17

BRAFV69%E_RAS class

BRAF-like 1 (reference)

RAS-like 1.15 (0.44 - 3.01) 0.77

ATA Risk

Low 1 (reference) 1 (reference)

Intermediate 3.13 (1.11 - 8.81) 0.03 1.71 (0.37 - 7.96) 0.49
High 3.34 (1.24 - 8.99) 0.02 1.90 (0.42 - 8.61) 0.40
Molecular Subtype

Type 2 1 (reference) 1 (reference)

Type 1 9.40 (1.99 - 44.46) 0.005 17.98 (3.27 - 98.92) 897 x 10"
Type 3 12.93 (2.89 - 57.80) 81x10" 9.77 (2.04 - 46.81) 0.004

HR, Hazard ratio. This is the ratio of recurrence rates in two comparator groups for any independent variable (for binary variables) or the logarithm of the change in death rate per unit change of
the independent variable (if the variable is continuous).

CI, Confidence interval.

Bold values indicate significant p-values (p < 0.05).





OEBPS/Images/fendo.2023.1220617_cover.jpg
& frontiers | Frontiers in Endocrinology

A clinically useful and biologically
informative genomic classifier for papillary
thyroid cancer





