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Triple-negative breast cancer (TNBC) represents the most aggressive breast cancer subtype. Poor prognosis in TNBC is partly due to lack of efficacious targeted therapy and high propensity to metastasize. Dysregulation of alternative splicing has recently emerged as a trait of TNBC, suggesting that unveiling the molecular mechanisms underlying its regulation could uncover new druggable cancer vulnerabilities. The oncogenic kinase NEK2 is significantly upregulated in TNBC and contributes to shaping their unique splicing profile. Herein, we found that NEK2 interacts with the RNA binding protein Sam68 in TNBC cells and that NEK2-mediated phosphorylation of Sam68 enhances its splicing activity. Genome-wide transcriptome analyses identified the splicing targets of Sam68 in TNBC cells and revealed a common set of exons that are co-regulated by NEK2. Functional annotation of splicing-regulated genes highlighted cell migration and spreading as biological processes regulated by Sam68. Accordingly, Sam68 depletion reduces TNBC cell migration and invasion, and these effects are potentiated by the concomitant inhibition of NEK2 activity. Our findings indicate that Sam68 and NEK2 functionally cooperate in the regulation of a splicing program that sustains the pro-metastatic features of TNBC cells.
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Introduction

Alternative splicing is the molecular process that generates multiple mRNA variants from single eukaryotic genes through variable assortment of their exons (1, 2). This process amplifies the coding potential of genomes and represents a plastic device for the regulation of gene expression. However, errors in alternative splicing regulation are implicated in the pathogenesis of various human diseases, including cancer (3, 4). Integration of transcriptomic analyses with clinical data have documented that genome-wide alterations in splicing occur in many human cancers, as well as the utility of splice variants as diagnostic or prognostic biomarkers (5–7). In this regard, splicing signatures were shown to distinguish breast cancers (BCs) from normal tissue (7) and to clearly segregate the more aggressive triple-negative BC subtype (TNBC) from the other BCs (8–10).

Oncogenic splicing dysregulation mainly relies on the aberrant expression of specific splicing factors (2, 11). For instance, the oncogenic transcription factor MYC directly induces transcription of several genes encoding for splicing factors (12, 13), including SRSF1 (14). Importantly, overexpression of the SRSF1 protein was sufficient to induce transformation of mammary epithelial cells and such oncogenic activity was shown to rely, at least in part, on the promotion of splice variants that enhance cell survival, proliferation, and migration (15). Another important layer of splicing regulation relies on the control of the activity of splicing factors through their reversible phosphorylation (16, 17). Splicing-specific kinases, such as the serine arginine protein kinase (SRPK) and the CDC-like kinase (CLK) families, and cell-signaling kinases were reported to regulate both splicing factor expression and activity (16, 17). For instance, phosphorylation by the SRPK1, AURKA, and NEK2 kinases was shown to enhance the splicing activity of SRSF1 in multiple cancer cell types (18–20). Thus, deregulated expression of protein kinases represents another important source of pro-oncogenic splicing alterations.

NEK2 is a mitotic kinase that is frequently upregulated in human cancers, where it contributes to malignancy and drug resistance (21–23). Accordingly, high NEK2 expression was correlated with rapid relapse and poor outcome in multiple cancers (21), including BC (24). In this regard, NEK2 is particularly upregulated in TNBC (25), the BC subtype displaying the poorest prognosis due to high metastatic rate and lack of targeted therapies (26, 27). Although NEK2 oncogenic activity in cancer has been primarily associated to the promotion of genome instability and aneuploidy (22, 28–30), mounting evidence suggests its implication in the pro-tumoral regulation of alternative splicing. Indeed, NEK2 was shown to accumulate in the nucleus of cancer cells (18, 21, 31) and to modulate the activity of splicing factors (18, 32). We recently reported that NEK2 localizes in the nucleus of TNBC cells and exerts a widespread impact on the TNBC-specific transcriptome (25). Part of the splicing changes elicited by NEK2 were mediated by regulation of the expression of the splicing factor RBFOX2, which drives a pro-mesenchymal splicing program in TNBC cells (25). However, a substantial fraction of NEK2-regulated exons and introns were devoid of RBFOX2 binding motifs, suggesting that additional molecular mechanisms contribute to NEK2-mediated splicing regulation in TNBC.

In this study, by searching for additional mediators of NEK2-dependent splicing regulation, we found that NEK2 interacts with and phosphorylates the multifunctional RNA binding protein (RBP) Sam68, thus modulating its splicing activity. Transcriptome analysis of TNBC cells transiently silenced for Sam68 identified the splicing targets of this protein in TNBC cells and revealed a common set of exons that are co-regulated by NEK2, which are enriched in genes related to cell migration.  Sam68 depletion in TNBC cells reduces migration and matrix invasion and these effects are enhanced by concomitant inhibition of NEK2 kinase activity. Thus, our study suggests that Sam68 and NEK2 functionally cooperate in the regulation of a splicing program that sustains pro-metastatic features of TNBC cells.



Materials and Methods


Cell Culture, Treatment, and Transfection

MDA-MB-231 cells were grown in RPMI 1640 (Lonza), SUM159 cells were grown in DMEM/F12 (Sigma Aldrich), and HEK293T cells were grown in DMEM, all supplemented with 10% FBS, gentamycin, penicillin, and streptomycin. Plasmid transfection was performed using Lipofectamine 2000 (Invitrogen) according to the manufacturer’s instruction. For RNA interference, cells were transfected with siRNAs (Sigma-Aldrich) using Lipofectamine RNAiMAX (Invitrogen) according to the manufacturer’s instructions and harvested 48 h later for protein and RNA analyses. Sequences of siRNAs are listed in Additional File 1: Supplementary Table 1. c-MYC targeting siRNAs were previously described (13).



Plasmid Vectors

The expression vector pcDNA3N2Myc-NEK2C WT was a generous gift of Prof A. Fry; a catalytically inactive mutant of NEK2C KD (NEK2K37R) was created by site-directed mutagenesis of pCDNA3N2myc-NEK2C WT. Mutagenic oligonucleotides were as follows: forward, 5’AGATATTAGTTTGGAGAGAACTTGACTATGGC3’; and reverse, with the underlined codon corresponding to residue 37 in wild-type NEK2C. Construction of the pcDNA3N2Myc-NEK2A WT and the kinase-dead inactive mutant NEK2A KD plasmids was previously described (33). The sequence of wild-type and mutant NEK2 were confirmed by sequence analysis. The expression vectors pEGFP NEK2C WT or KD were sub-cloned from pcDNA3N2Myc into pEGFPc1. pGEX-3X–NEK2273–444 encoding the regulatory domain of NEK2 fused to glutathione S-transferase (GST) has been described previously (34). CD44 minigene was a kind gift of Prof. Matter.



RNA Extraction, Library Preparation, and RNA-Seq Data Analysis

For RNA-seq analysis, MDA-MB-231 transiently transfected with control (si-CTRL) or SAM68-targeting (si-SAM68) pool of siRNA were harvested 48 h after transfection in triplicate and total RNA was extracted and DNase treated using the RNEasy mini kit (Qiagen) according to the manufacturer’s instruction. PolyA plus RNA-seq libraries were constructed according to Illumina’s protocol and sequenced using a 100-bp single-end format on an Illumina HiSeq 2000. RNA-Seq data analysis was performed by GenoSplice technology (www.genosplice.com), as previously described (25, 35), using Human FAST DB v2016_1 annotations. Results were considered statistically significant for p-values ≤0.05 and fold-changes ≥1.5.



Bioinformatic Analysis

Analysis of gene expression of transcriptomic data of TNBC patients from the “The Cancer Genome Atlas (TCGA)” database was performed using the UCSC Xena platform (36). Spearman’s correlation was used to evaluate association between the expression of NEK2, MYC, and indicated splicing factors. For gene expression analyses, the patients were divided into two groups according to the first (NEK2-low) and fourth (NEK2-high) quartile of NEK2 gene expression. Then, Z-scores of hnRNPL, PTBP1, and KHDRBS1 gene expression were calculated in each sample and one-way-ANOVA, with Dunn’s multiple comparisons test correction, was performed to evaluate significant differences between the groups (13). Comparison of enriched motif within NEK2-regulated cassette exons with the compendium of RNA-binding motif from (37) were performed using Tomtom Motif comparison tools from the MEME Suite Collection (RRID:SCR_001783) (38, 39). Gene ontology (GO) analysis was performed as previously described, using topGO (RRID:SCR_014798) Bioconductor package, ranking and analyzing ontologies using the elim method (40).



Extraction of RNA, RT-PCR, and Real-Time PCR Analysis

RNA extraction, RT-PCR, and real-time PCR analysis were performed as previously described (25). All primers used are listed in Additional File 1: Supplementary Table 2.



Protein Extracts, Co-Immunoprecipitation, and Western Blot Analysis

Total cell extracts were obtained by lysis in 50 mM HEPES, 10 mM MgCl2,100 mM NaCl, 10 mM β-glycerophosphate, 2 mM EGTA, 10% (v/v) glycerol, and 1% (v/v) Triton X-100 for HEK293T and in RIPA buffer for MDA-MB-231, as described (25, 41). Nuclear extracts from MDA-MB-231 cells for co-immunoprecipitation were obtained as described (42). Briefly, cells were lysed in 10 mM Hepes, pH 7.9, 1.5 mM MgCl2, 10 mM KCl, 1 mM DTT, phosphatase, and protease inhibitors and incubated on ice for 15 min. Next, following addition of NP-40 to a final concentration of 0.6%, cells were vortexed for 10 s and centrifuged 5 min at 16,000 g at 4°C. Supernatant was collected as cytoplasmic extract, and the nuclear pellet was lysed in 20 mM HEPES, pH 7.9, 15 mM MgCl2, 0.42 M KCl, 0.2 mM EDTA, and 25% (v/v) glycerol and agitated for 30 min at 4°C. After centrifugation for 10 min at 16,000 g at 4°C, supernatant was collected as nuclear fraction. Lysates were diluted with 20 mM HEPES, pH 7.9, 15 mM MgCl2, 0.2 mM EDTA, and 25% (v/v) glycerol and incubated overnight at 4°C with NEK2 antibody (Santa Cruz, RRID:AB_1126558) or control mouse IgG. Protein-G magnetic beads (Dynabeads, Invitrogen) were added and the sample was incubated at 4°C for 3 h. Beads were washed five times with 20 mM HEPES, pH 7.9, 15 mM MgCl2, 120 mM KCl, 0.2 mM EDTA, and 25% (v/v) glycerol, denatured with SDS-sample buffer, and analyzed by SDS-PAGE. Western blot was performed as previously described (18, 25, 35). Nuclear extracts and immunoprecipitation from HEK293T cells were obtained as previously described (43), using either anti-FLAG antibody (Sigma Aldrich, RRID:AB_259529) or control mouse IgG. Western blot analysis was carried out using the following primary antibodies: anti-NEK2 (Santa Cruz, RRID:AB_1126558), anti-ACTIN (Santa Cruz, RRID:AB_2714189), anti-MYC epitope (Santa Cruz, RRID:AB_2857941), anti-MYC (Cell Signaling, RRID:AB_2151827), anti-GAPDH (1:1000 RRID:AB_627679), anti-HSP90 (Santa Cruz, RRID:AB_675659), anti-hnRNPL (Sigma Aldrich, RRID: AB_261966), anti-FLAG (Sigma Aldrich, RRID:AB_259529), rabbit anti-SAM68 (Santa Cruz, RRID:AB_631869), anti-GFP (Santa Cruz, RRID:AB_627695), anti-ERK2 (Santa Cruz, RRID:AB_2141292), and goat anti-PTBP1 (Santa Cruz, RRID:AB_2253470).



Immunokinase Assays

Anti-MYC antibody (1 µg) (Santa Cruz, RRID:AB_2857941) was incubated for 1 h, with a mixture of protein A/G-Sepharose beads (Sigma-Aldrich) in PBS/0.05% BSA, under constant shaking at 4°C. At the end of the incubation, the beads were washed twice with PBS/0.05% BSA, twice with lysis buffer, and then incubated for 90 min at 4°C with the HEK293T cell extracts (0.5 mg of protein) under constant shaking. Sepharose bead-bound immunocomplexes were rinsed three times with lysis buffer and washed twice with NEK2-kinase buffer (50 mM HEPES, pH 7.5, 5 mM glycerophosphate, 5 mM MnCl2, 5 mM NaF, 0.1 mM sodium orthovanadate, 1 mM DTT, and protease inhibitors). Kinase reactions were carried out in 50 µl for 20 min at 30°C in kinase buffer supplemented with 10 µM [32P]-ATP (0.2 µCi/µl), 4 µM ATP, 1 µg of cAMP-dependent protein kinase inhibitor, and the appropriate substrate (GST-Sam68 N-term or C-term). Reactions were stopped by adding SDS-sample buffer and analyzed by SDS-PAGE and autoradiography.



Wound-Healing and Cell-Invasion Assays

Control or SAM68 silenced MDA-MB-231 were seeded at 100% of confluence into ibidi Culture inserts to create a cell-free gap on the dish. Following two washes with PBS and addition of 1% FBS supplemented medium, inserts were removed and the plate was photographed immediately and every hour for 12 h. Area quantification of the gap was performed with ImageJ software using the MRI Wound Healing tool. For cell invasion assay, MDA-MB-231 cells were seeded into the IncuCyte Clearview 96-well inserts (Sartorius; 1,000 cells/well). Insert membrane had been pre-coated on both sides with 50 μg/ml Matrigel (Corning), diluted in RPMI 1640. Lower chambers were filled with 200 μl of either chemotaxis assay medium (RPMI 1640, supplemented with 10% FBS) or negative control medium (RPMI 1640, without FBS). Images were acquired with IncuCyte SX5 Live-content imaging system every hour for 24 h at 10× magnification. Migrated cells were quantified using the IncuCyte Chemiotaxis migration software (phase-contrast; top/bottom), starting 2 h after initial seeding to allow settlement of cells. In both assays, NEK2-chemical inhibition was achieved by treatment with 3 µM JH295 (44).



Quantification and Statistical Analysis

Statistical analyses for qPCR, densitometric analysis of PCR, and migration and invasion assays were performed in GraphPad Prism (RRID:SCR_002798) according to the statistical tests described in the figure legends. Number of replicates independently analyzed is indicated by the “n” in each figure legend. Results were considered significant if p-value ≤ 0.05.




Results


NEK2 Interacts With Splicing Factors in TNBC Cells

We recently found that NEK2 exerts widespread modulation of the alternative splicing program of MDA-MB-231 (GSE140803), a cell line representative of the TNBC subtype (25). A substantial fraction of the NEK2-regulated splicing events were dependent on the ability of the kinase to promote the expression of RBFOX2 (25), a splicing factor involved in the regulation of the epithelial-to-mesenchymal transition (EMT) process (25). However, other exons regulated by NEK2 lacked binding sites for RBFOX2 and were likely regulated by other splicing factors in TNBC cells. Moreover, NEK2 shows an increased localization in the nucleoplasm and chromatin-bound fraction of TNBC cells, suggesting that it might also physically interact with splicing factors and regulate their activity. To test this hypothesis, we searched for splicing factors that can bind the 5 sequence motifs enriched in the NEK2-regulated cassette exons (25). Computational analyses using the Tomtom Motif comparison tool (38, 39) identified 14 splicing factors that might bind to these sequence motifs (Figure 1A), including the already characterized RBFOX2 (25). Next, to evaluate which of these factors could functionally interact with NEK2 in TNBC, we assessed whether they are co-expressed with NEK2 in primary tumors. Query of transcriptomics data from TNBC tumors deposited in The Cancer Genome Atlas (TCGA) database (45) revealed that expression of hnRNPL, PTBP1 (also known as hnRNP I), and KHDRBS1 (also known as Sam68) exhibit the highest and most significant positive correlation with NEK2 expression (Figure 1B). Expression of A1CF, KHDRSB3, and hnRNPLL was also positively correlated with that of NEK2, albeit to a lesser extent, whereas RBMS3 expression was negatively correlated (Figure 1B). On the other hand, expression of MBNL1, QKI, RBM24, KHDRSB2, RBM42, and RBM6 was not correlated with that of NEK2 (Figure 1B). Furthermore, Z-score classification of patients for low and high expression of NEK2 confirmed that hnRNPL, PTBP1, and KHDRBS1 levels are significantly higher in the NEK2-high group compared to the NEK2-low group (Figure 1C). Importantly, co-immunoprecipitation experiments using nuclear extracts from MDA-MB-231 revealed that NEK2 physically interacts with hnRNPL, PTBP1, and KHDRBS1 proteins (Figure 1D), whereas no interaction was detected for an uncorrelated factor like QKI (Supplementary Figure 1A). These findings indicate that the interaction of NEK2 with specific splicing factors could be functionally relevant to modulate the splicing signature of TNBC cells.




Figure 1 | NEK2 is co-expressed and interacts with select splicing factors in TNBC. (A) Table showing motifs enriched in sequences of NEK2-regulated cassette exons in MDA-MB-231 cells (GSE140803) and their putative cognate RNA-binding proteins (RBP), identified by the Tomtom motif comparison tool. Only significant results retrieved by the tool are shown (p-value ≤ 0.05). (B) Heatmap showing expression levels of NEK2 and indicated RBP in primary triple-negative breast cancer (TNBC), according to analysis of transcriptomic data of TCGA project using the UCSC Xena platform. Spearman correlation factors and p-value between the expression levels of NEK2 and every RBP are indicated in the table below the heatmap. (C) Expression profile for indicated RBP according to TCGA transcriptomic data of TNBC patients, classified according to Z-score normalization in NEK2-low (blue points) and NEK2-high (red points) expressing groups. Mean and ± SD are shown in the dot plot. Statistical significance was calculated by one-way ANOVA, with Dunn’s multiple comparisons test, ***p < 0.001, ****p < 0.0001. (D) Western blot analysis for indicated RBPs for co-immunoprecipitation assay of NEK2 and control IgG in nuclear extracts from MDA-MB-231 cells. * marks IgG used for immunoprecipitation.





Oncogenic Transcription Factor MYC Drives NEK2 Expression in TNBC

Increased nuclear localization of NEK2 in TNBC is driven by its higher expression levels compared to other BC subtypes (25). Since we identified splicing factors that are co-expressed and interact with NEK2 in this tumor subtype, we asked if a common transcription factor could promote their expression. In particular, we focused our attention on the proto-oncogenic transcription factor c-MYC, which is overexpressed in TNBC compared to other BC subtypes (Supplementary Figure 1B) (46) and was shown to drive transcription of both NEK2 (32) and its putative cofactors PTBP1 (12) and KHDRBS1 (13) in other tumoral context. Analysis of expression data in the TCGA database revealed a significant upregulation of hnRNPL, PTBP1, and KHDRBS1 expression in TNBC compared to other BC subtypes (Figure 2A) as previously reported for NEK2 (25). In addition, we observed that MYC expression was positively correlated with the expression of NEK2 (Figure 2B) and of its putative co-factors hnRNPL, PTBP1, and KHDRBS1 (Figure 2C). By contrast, no significant correlation was observed between MYC and QKI expression (Supplementary Figure 1C), whose expression is not correlated with NEK2 (Figure 1B). These observations suggest that c-MYC could coordinate the expression of NEK2 and its interacting splicing factors in TNBC. To test this hypothesis, we asked whether c-MYC silencing affects the expression of these proteins in TNBC cells. Western blot analyses of extracts from MDA-MB-231 and SUM159 transiently transfected with two different c-MYC siRNAs revealed that c-MYC depletion reduced the expression of NEK2, hnRNPL, PTBP1, and KHDRBS1 in both TNBC cell lines (Figure 2D). Collectively, these observations suggest that c-MYC overexpression sustains the concomitant expression of NEK2 and select splicing factors in TNBC cells, thereby favoring their interaction.




Figure 2 | C-MYC regulates the expression of NEK2 in TNBC cells. (A) Dot-blot showing expression levels of indicated RNA-binding proteins (RBP) in primary triple-negative breast cancer (TNBC) and other breast cancer (Other BC) subtypes, according to analysis of transcriptomic data of TCGA project using the UCSC Xena platform. Mean and ± SD are shown in the dot plot. Statistical significance was calculated by Welch’s t-test. (B, C) Scatter plots of RNA expression levels of MYC and NEK2 (B) or MYC and hnRNPL, PTBP1, and KHDRBS1 (C) in primary TNBC according to TCGA data. Spearman’s correlation coefficient (r) and associated p-value are shown. (D) Representative Western blot analysis for MYC, NEK2, hnRNPL, PTBP1, and KHDRBS1 expression levels in MDA-MB-231 (left panel) and SUM159 (right panel) cells, transiently transfected with indicated siRNAs. ACTIN was evaluated as loading control.





Sam68 Is a Direct Substrate of NEK2 Kinase

To functionally test the interaction between NEK2 and splicing factors in TNBC, we focused on KHDRBS1, hereafter named Sam68 (Figure 3A), because its activity is extensively modulated by phosphorylation (43, 47–50). Moreover, Sam68 was more dependent on MYC expression than hnRNPL and PTBP1 in both TNBC cell lines tested (Figure 2D). First, we confirmed the physical interaction between the proteins by co-immunoprecipitation of transiently transfected FLAG-Sam68 and GFP-NEK2 in HEK293T cells (Supplementary Figure 2). Next, we performed in vitro kinase assays in the presence of labeled ATP ([γ-32P]ATP) using purified recombinant NEK2 and GST-Sam68. NEK2 readily phosphorylated GST-Sam68, to a similar extent of its known substrate GST-SRSF1 (18), whereas GST alone was not phosphorylated under the assay conditions (Figure 3B). Sam68 comprises an hnRNP K homology (KH) RNA binding motif flanked by the QUA1 and QUA2 motifs, which form the GRP33/Sam68/GLD1 (GSG) domain required for dimerization and high affinity RNA binding, and regulatory regions at the N and C terminus that contain sites for protein–protein interactions and post-translational modifications (Figure 3A) (47, 48, 51). NEK2 phosphorylates with high efficiency the N-terminal and C-terminal regulatory regions of Sam68, whereas the GSG domain was barely phosphorylated (Figure 3C). Moreover, in vitro kinase assays using wild type (WT) or kinase-dead (KD) NEK2 immunoprecipitated from transfected HEK293T cells confirmed that the enzymatic activity of NEK2 was directly responsible for phosphorylation of the regulatory regions of Sam68 (Figures 3D, E).




Figure 3 | NEK2 phosphorylates SAM68 in vitro. (A) Schematic representation of protein domain in human full-length SAM68 protein. (B) Representative autoradiography for NEK2 kinase assay, performed by incubating an active purified-NEK2 protein with recombinant GST and a full-length SAM68 and SRSF1 as substrates. Coomassie staining was performed as loading control. Rounded tip arrows indicate auto-phosphorylated NEK2. (C) Representative autoradiography and Coomassie staining for a kinase assay performed by incubating an active purified-NEK2 recombinant GST N-terminal, GSG domain or C-terminal of SAM68 as substrates. (D, E) Representative Western blot analysis (D) and autoradiography (E) for immunokinase assay, performed by incubating immunoprecipitated wild-type NEK2 (WT) or kinase-dead NEK2 (KD) with recombinant N-terminal or C-terminal GST-Sam68 as substrate. (F) Western blot analysis for MYC-Sam68 protein in total extracts from HEK293T cells transfected with expression vectors for GFP-tagged NEK2C wild-type (WT) or kinase-dead (KD), or with MYC-tagged NEK2A variant WT or KD. Tag-specific antibodies were used for recombinant NEK2 detection. ERK2 was evaluated as loading control. Activation of NEK2 was obtained by treating cells with 0.1 μM OA for the last 3 h before collection. * marks the molecular weight shift in SAM68 protein elicited by OA-mediated activation of WT NEK2C (left panel) and WT NEK2A (right panel).



Next, we asked if NEK2 phosphorylates Sam68 also in live cells. To this end, HEK293T cells were transfected with plasmids encoding MYC-Sam68 and either WT or KD versions of MYC-tagged NEK2A and GFP-tagged NEK2C, a splice variant of the kinase that is predominantly localized in the nucleus like Sam68 (52). Upon treatment with the protein phosphatase 1 (PP1) and 2A (PP2A) inhibitor Okadaic Acid (OA) to elicit NEK2 activation (33), NEK2 induced a shift in the electrophoretic mobility of Sam68 (Figure 3F), which is a hallmark of its phosphorylation in serine/threonine residues (49). Notably, the slower migrating form of Sam68 was observed only in cells co-transfected with WT NEK2, but not with the catalytically inactive KD mutant. Furthermore, NEK2C displayed higher ability to induce Sam68 phosphorylation, further supporting a functional interaction in the nucleus between the proteins. These results identify Sam68 as a novel substrate of NEK2.



NEK2-Mediated Phosphorylation Modulates Sam68 Splicing Activity

Serine/threonine phosphorylation by the mitogen activated protein kinases (MAPKs) was shown to regulate the splicing activity of Sam68 (16, 49, 50, 53). To investigate whether NEK2-dependent phosphorylation also affects Sam68 activity, we employed a reporter minigene that recapitulates the splicing regulation of the CD44 v5 exon (pET-V5 minigene) (Figure 4A), which is a target of Sam68 and is sensitive to its activation by serine/threonine phosphorylation (49, 54). HEK293T cells were co-transfected with plasmids encoding the pET-V5 minigene, MYC-Sam68, and GFP-NEK2C. As expected, sub-optimal amounts of MYC-Sam68 promoted the inclusion of CD44 variable exon v5 (Figure 4B; lane 2). Co-expression of NEK2C significantly enhanced this effect, leading to an almost doubled inclusion of the v5 exon with respect to cells transfected with Sam68 alone (Figure 4B; lane 3). Furthermore, upregulation of NEK2C alone, but not of its cognate KD mutant, was sufficient to promote exon v5 inclusion (Figure 4C), suggesting that it might affect the splicing activity of the endogenous Sam68 protein. These results indicate that NEK2-dependent phosphorylation of Sam68 modulates its splicing activity and that their physical interaction might be functionally relevant in TNBC cells.




Figure 4 | NEK2 phosphorylates Sam68 in vivo and modulates its splicing activity. (A) Schematic representation of the CD44 pETV5 minigene. Alternative exon v5 of the CD44 gene was cloned between two constitutive cassette exons insulin exons 2 and 3. (B, C) Representative PCR and Western blot analysis for HEK293T cells transfected with the CD44 pETV5 minigene and expression vectors for MYC-tagged SAM68 and GFP-tagged NEK2C wild-type (WT) or kinase-dead (KD). Western blot analysis for ERK2 was used as loading control. Densitometric analyses for all experiment were performed and ratio between CD44 (+V5) and CD44 (-V5) is represented by histogram bars (mean ± SD, n = 3; t-test *p < 0.05, **p < 0.01).





Sam68 Modulates TNBC Cell Transcriptome

Sam68 is upregulated in breast tumors compared to normal tissue and promotes BC cell proliferation (55). However, although the oncogenic function of Sam68 has been often related to its splicing activity (47, 50, 53), genome-wide characterization of its splicing targets in BCs or other cancer types is still lacking. To elucidate the splicing signature regulated by Sam68 in TNBC cells, we carried out RNA-sequencing (RNA-seq) analyses of MDA-MB-231 cells that were transiently depleted of Sam68 (Figure 5A). Bioinformatics analyses using the reference FAST-DB database (25, 35, 41), revealed a large modulation of the TNBC cell transcriptome by Sam68, with 443 genes regulated at splicing level and 474 at gene expression level upon its depletion (Figure 5B; Supplementary Figure 3A; Additional File 2: Supplementary Tables 1, 2). More than half of the 597 regulated exons (54,7%) are upregulated in Sam68-depleted cells, suggesting that Sam68 preferentially functions as a splicing repressor in TNBC cells. Classification of the regulated splicing events revealed that exon cassettes (18.4%) and alternative terminal exons (16.1%) are the most regulated patterns (Figure 5C). Importantly, RT-PCR analysis of 16 of these splicing events using an independent set of control and Sam68-depleted MDA-MB-231 cells confirmed the RNA-seq results (Figure 5D; Supplementary Figure 3B), thus validating the reliability of the bioinformatics analyses. These results show that Sam68 significantly contributes to the splicing signature of TNBC cells.




Figure 5 | Sam68 regulates alternative splicing in TNBC cells. (A) Representative Western blot analysis assessing SAM68 silencing efficiency expression in MDA-MB-231 cells transiently transfected with indicated pool of siRNAs. ACTIN was evaluated as loading control. (B) Pie chart showing percentage of upregulated (red) and downregulated (green) exons in the si-SAM68 vs. si-CTRL comparison. (C) Pie chart showing percentages of indicated different splicing pattern among regulated splicing events in the si-SAM68 vs. si-CTRL comparison. (D) Representative PCR analysis for indicated alternative splicing events in si-SAM68 vs. si-CTRL MDA-MB-231 cells. Schematic representation for each event analyzed is depicted below relative agarose gels. Green and red boxes indicate down- and upregulated exons in si-SAM68 vs. si-CTRL cells. Percentage of splicing inclusion (PSI) of indicated exons was evaluated by densitometric analysis, and results are shown below agarose gels (mean ± SD, n = 3, t-test).





Sam68 and NEK2 Co-Regulate Alternative Splicing Events in TNBC Cells

Next, we asked whether NEK2 modulates the splicing activity of the endogenous Sam68 in TNBC cells. To this end, we compared the splicing signatures of Sam68-silenced (Figures 5B, C) and NEK2-silenced MDA-MB-231 cells (25). We found a significant overlap between the two datasets, with 95 alternative splicing events that are commonly regulated by Sam68 and NEK2 depletion (Figure 6A). Annotation of these events revealed that most of them were modulated in the same direction by silencing of either Sam68 or NEK2 (Figure 6B). Nearly half of the splice variants commonly regulated by Sam68 and NEK2 were novel transcripts originating from either unannotated splicing events or selection of an alternative transcription start site, while alternative last exon and exon cassette were the predominant splicing patterns among the remaining events (Figure 6C). RT-PCR analysis using RNA from an independent set of samples confirmed that depletion of Sam68 or NEK2 regulated a common pattern of splicing in three of these genes (ASPH, MAPK9, and TBC1D23) in MDA-MB-231 cells (Figures 6D, E). Furthermore, RT-PCR analyses revealed that additional Sam68 target exons, like those in ALCAM, CD44, GULP1, and UGGT2 genes, were also sensitive to NEK2 depletion in MDA-MB-231 (Figure 6F), even though they were not highlighted by the bioinformatics analysis (25). These results indicate that Sam68 and NEK2 share common splicing targets in TNBC cells and further suggest their functional interaction in splicing regulation in this tumor type.




Figure 6 | Sam68 and NEK2 co-regulates AS in TNBC cells. (A) Venn diagram showing the overlap between regulated alternative exons in MDA-MB-231 cell silenced for either SAM68 (this study) or NEK2 (GSE140803). (B) Bar graph showing the number of splicing events either divergently (gray bar) or commonly upregulated (red bar) or downregulated (green bar) in si-SAM68 and si-NEK2 MDA-MB-231 cells compared to control. (C) Pie chart showing percentages of indicated splicing patterns among the common splicing events regulated in the si-SAM68/si-NEK2 vs. si-CTRL comparison. (D) Representative Western blot analysis assessing SAM68 and NEK2 silencing efficiency in MDA-MB-231 cells transiently transfected with indicated pool of siRNAs. HSP90 was evaluated as loading control. (E, F) Representative PCR analysis for indicated alternative splicing events in si-CTRL, si-SAM68, and si-NEK2 MDA-MB-231 cells. Schematic representation for each event analyzed is depicted besides relative agarose gels. Green and red boxes indicate commonly down- and upregulated exons in si-SAM68/si-NEK2 vs. si-CTRL cells. Bar graphs below each agarose gel represent percentage of splicing inclusion (PSI), evaluated by densitometric analysis (mean ± SD, n = 3, one-way ANOVA, *p < 0.05, **p < 0.01).





Sam68 and NEK2 Cooperate in the Regulation of TNBC Cell Migration and Matrix Invasion

GO analysis of the Sam68 splicing-regulated genes highlighted a significant enrichment for terms related to biological processes involved in cell adhesion and migration (Figure 7A). Moreover, genes related to the wound-healing process were enriched among the common targets of Sam68 and NEK2 (Supplementary Figure 4). These process are frequently deregulated in TNBC and contribute to their aggressive and metastatic phenotype (27, 56). Thus, we asked if Sam68 ablation could affect these pro-metastatic functions. Wound-healing and matrigel-invasion assays revealed that Sam68 depletion caused a significant impairment of the migratory and invasive properties of MDA-MB-231 cells (Figures 7B–D). Notably, we also found that the effects elicited by Sam68 knockdown were worsened by concomitant treatment of MDA-MB-231 cells with JH295, an irreversible inhibitor of NEK2-kinase activity (Figures 7B–D) (44). Collectively, these observations indicate that the functional interaction with NEK2 potentiates the splicing activity of Sam68 and enhances the motility and invasive properties of TNBC cells.




Figure 7 | Sam68 and NEK2 co-regulate cell migration in TNBC cells. (A) Gene ontology analysis of biological process of AS regulated genes in the comparison between control and Sam68 silenced MDA-MB-231 cells (p-value ≤ 0.05). (B) Representative micrograph images, at the initial time point (t0) and 12 h later (t12) of the wound-healing assay performed on control (si-CTRL) or SAM68 silenced (si-SAM68) MDA-MB-231 cells, treated or not with the NEK2 inhibitor (NEK2i) JH295 [3 µM]. (C) Line graph showing the percentage of wound closure of si-CTRL and si-SAM68 MDA-MB-231 cells, treated or not with NEK2i (mean ± SD, n = 6, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns = not significant, two-way ANOVA, colors indicate the growth condition to whom si-CTRL cells were compared in the statistical analysis). (D) Line graph showing the number of si-CTRL and si-SAM68 MDA-MB-231 cells, treated or not with NEK2i, invading Matrigel-coated transwell of the IncuCyte Clearview 96-well insert system. Number of invading cells on the bottom side of the insert at every hour was normalized to the initial number of cells on the top of the insert at initial seeding (mean ± SD, n = 6, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns= not significant, two-way ANOVA, colors indicate the growth condition to whom si-CTRL cells were compared in the statistical analysis).






Discussion

Alternative splicing dysregulation is a common trait of human cancers, which affects multiple cellular processes in the course of tumorigenesis (2, 3, 17). Thus, characterization of the molecular mechanisms underlying aberrant splicing offers the opportunity to identify new targets for cancer therapy. This issue is particularly interesting for TNBC, as these tumors currently lack targeted and efficacious therapies, but features a specific splicing signature (8, 10, 25). In this regard, targeting either the expression of specific splicing factors or inhibiting the spliceosome activity was shown to selectively halt TNBC cell proliferation (57). We have previously reported that the mitotic kinase NEK2 is upregulated in TNBC with respect to other BC types and promotes a specific pro-mesenchymal splicing program that confers metastatic features to TNBC (25). Herein, we found that NEK2 interacts with select splicing factors in TNBC cells and, as indicated by its functional interaction with Sam68, could enhance their splicing activity and oncogenic functions.

NEK2 is highly expressed in primary TNBC along with Sam68, hnRNPL, and PTPBP1, whose cognate binding motifs are enriched in NEK2-sensitive cassette exons and physically interact with this kinase. Moreover, knockdown of Sam68 (this study) and hnRNPL (25) partially recapitulated the splicing changes observed in TNBC cells depleted of NEK2, suggesting that this kinase modulates splicing through functional interaction with splicing factors in TNBC cells. We also found that expression of NEK2 and its interacting splicing factors in primary TNBC correlates with that of MYC, suggesting that this transcription factor coordinates a splicing network that contributes to the TNBC-specific splicing signature. In support of this hypothesis, MYC depletion in representative TNBC cell lines caused reduced expression of NEK2, Sam68, hnRNPL, and PTBP1 proteins. MYC is a powerful oncogene and is highly expressed in TNBC compared to other BCs (46). Moreover, MYC upregulation was shown to impose a transcriptional stress to cancer cells that increases their dependency on the proper functionality of the splicing machinery (58). Thus, it is tempting to speculate that coordination of the expression of NEK2 and its interacting splicing factors represents a pro-survival mechanism that is selected in MYC-driven TNBC to cope with such transcriptional/splicing stress. In this view, targeting NEK2 expression and/or activity could represent a therapeutic vulnerability for MYC-driven TNBC, as previously shown for inhibition of the spliceosome (58). Remarkably, MYC regulates transcription of other splicing factors (SRSF1 and hnRNPA1) that interact with and are regulated by NEK2 in other tumoral contexts (12, 14, 18, 32). Thus, NEK2 inhibition could represent an exploitable vulnerability also for other types of MYC-driven tumors.

Sam68 is a multifunctional RBP, whose splicing activity exerts a pivotal role for the proper differentiation of neuronal and germ cells (35, 59, 60). Notably, although several studies have shown the oncogenic activity of Sam68 in different human cancers (47, 48), a global analysis of the regulation exerted by this protein on the human transcriptome was still lacking. Herein, genome-wide RNA-seq analysis identified hundreds of splicing events modulated by Sam68 depletion in TNBC cells. Similarly to previous observations in Sam68 knockout mice (35, 59), exon cassettes and alternative terminal exons were the most affected splicing patterns in MDA-MB-231 cells. Of note, functional annotation of the splicing-regulated genes revealed enrichment for terms relative to neuronal and muscular development, as well as to meiosis, all biological processes that are impaired in Sam68 knockout mice (35, 59–62). These observations are suggestive of an evolutionary conserved splicing program regulated by Sam68, which is hijacked by cancer cells to sustain oncogenic transformation.

Serine/threonine phosphorylation is one of the major post-translational modifications shown to promote the pro-oncogenic splicing activity of Sam68 (49, 50, 53, 63). Most of these studies identified the MAPK/ERK pathway as responsible for Sam68 phosphorylation and activation (49, 50, 53, 63). By identifying Sam68 as a binding partner and direct substrate of NEK2, we provide evidence for an additional cellular pathway modulating Sam68 phosphorylation and oncogenic splicing activity. Interestingly, activation of the MAPK pathway was shown to promote NEK2 activity in male germ cells (34), suggesting the possible synergy between these kinases in the regulation of Sam68 activity. Given the ubiquitous expression of Sam68 and NEK2 and their frequent upregulation in different cancer types (48, 64), their interaction is likely functional also in other tumors. Thus, our study reveals a new regulatory mechanism of Sam68 function, which adds to the various post-translational modifications, such as tyrosine phosphorylation (43) and acetylation (65), and interactions with regulatory partners, such as the transcriptional cofactors SND1 (54) and FBI-1 (66), that modulate its splicing activity in cancer cells, including TNBC cells.

Our studies have also identified a large number of splice variants regulated by Sam68 and NEK2 that are possibly implicated in the regulation of cancer cell motility and invasiveness. Moreover, combined inhibition of Sam68 expression and NEK2 activity cooperated to suppress TNBC cell migration and matrix invasion, suggesting that modulation of the identified splicing program is functionally relevant. Collectively, these results support the key oncogenic role of NEK2 and suggest that NEK2 targeting approaches represent promising therapeutic tools for TNBC treatment, whose efficacy could be amplified by co-targeting the vulnerability induced by splicing dysregulation in cancer cells.
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In light of the development of RAS inhibitors, a reliable assessment of the prevalence of RAS mutations and their correlation with the clinical features of patients with HNC is crucially needed. This meta-analysis compiles the findings of 149 studies with over 8500 HNC patients and assesses the global prevalence of mutations in the HRAS, KRAS and NRAS genes. The available data were stratified according to geographical region, clinical features, and tumor characteristics, including human papillomavirus (HPV) infection status and tumor stage. In addition, the distribution of codon substitutions in each RAS gene was assessed. The estimated mutation rate is highest for HRAS (7%), followed by KRAS (2.89%) and NRAS (2.20%). HRAS prevalence in South Asia (15.28%) is twice as high as the global estimate. HRAS mutations are more prevalent in oral cavity and salivary gland tumors. In contrast, KRAS mutations are found more frequently in sinonasal tumors, and NRAS mutations are found chiefly in tumors of the nasopharynx. OR analyses show a significant association between HRAS mutations and a high tumor stage (OR=3.63). In addition, there is a significant association between HPV-positive status and KRAS mutations (OR=2.09). This study highlights RAS as a potential therapeutic target in certain subsets of HNC patients.
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1 Introduction

Head and neck cancer (HNC) includes neoplasms that arise in the oral cavity, pharynx, larynx, sinuses, nasal cavity, and salivary glands (1). The main risk factors associated with HNC include tobacco smoking, alcohol abuse, and human papillomavirus (HPV) infection. Other risk factors include exposure to wood and leather dust, Epstein Barr Virus (EBV) infection, and betel nut chewing (2). In recent decades intensive research has confirmed that HNC is exceptionally heterogeneous at the molecular level, and there is no single genetic alteration or a unique dysregulated molecular pathway responsible for its development and progression (3–5). This heterogeneity may explain the limited efficiency of current systemic therapies for HNC, which emphasizes the need to study specific and less common genetic alterations that may affect disease characteristics and clinical outcomes in HNC patients.

RAS GTPase family proteins are crucial players in many signaling networks, controlling cell proliferation, differentiation, and survival (6). The RAS family members, HRAS, KRAS, and NRAS, share significant sequence homology and largely overlapping functions (7). Mutations in RAS family members are well-established drivers of cancer. Gain-of-function mutations in RAS genes are found in ∼19% of human cancers, most clustering in three hotspots at codons 12, 13, and 61 (8). The immense effort invested in the development of RAS inhibitors has led to several breakthroughs in recent years, allowing for the targeted treatment of patients with alterations in these RAS genes (9, 10), including HNC patients (11–13).

Many studies reported on the frequency of HRAS, KRAS, and NRAS mutational status in HPV-positive and HPV-negative HNC patients. Even though mutations in the members of the RAS gene family are seemingly rare in the general HNC patient population, these studies vary in their assessments on the prevalence of mutations in RAS genes. Therefore, the purpose of the current study was to conduct the first systematic review and meta-analysis evaluating the prevalence of mutations in RAS genes in HNC. By collecting data on over 8500 patients from 149 studies, we were able to reveal differences in the prevalence of RAS mutations between geographical regions, anatomical sites, stage of disease, and HPV status. Moreover, in light of the clinical development of codon-specific RAS inhibitors (namely, G12C and G12D), we have included a comprehensive analysis of codon substitution in RAS mutations.



2 Methods

This systematic review adhered to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) Checklist (14).


2.1 Study Design

We evaluated the prevalence of mutations in HRAS, KRAS, and NRAS genes in HNC patients.



2.2 Search Strategy

A systematic review of the literature was conducted by searching the PubMed, Embase, Web of Science, and Cochrane Central Register of Controlled Trials databases in June 2021 for studies published since 1 January 2000. The strings used in the systemic search of databases are detailed in the Supplementary Methods section. The bibliographies of retrieved studies and systematic reviews identified in the search were screened for relevant references. Publicly available databases were screened for unpublished data.



2.3 Selection Criteria

The inclusion criteria for the meta-analysis were that the study had to include a mutational analysis of at least one of the target genes (HRAS, KRAS, or NRAS) and a report the prevalence and frequency of mutations as an outcome measure. Exclusion criteria were defined as: 1) Studies displaying results from patients with tumors other than HNCs or mutations other than those in the target genes; 2) studies that did not report data related to the prevalence or frequency of mutations in the target genes; 3) studies that did not evaluate target genes for somatic mutations; 4) studies published before 1 January 2000; 5) studies that were conducted using cell lines or animal models; 6) studies of pediatric populations; 7) review articles, letters, personal opinions, book chapters, or conference abstracts; 8) studies containing data included in other studies or studies in which it was not possible to determine whether duplicate data were included; and 9) studies enrolling fewer than ten patients.



2.4 Data Extraction

Two researchers (SJ, ON) screened the studies at the title and abstract level, followed by a full-text review. Disagreements over inclusion were resolved by consensus adjudication, and studies were extracted into a standardized extraction database. Extracted variables included study cohort size, number of mutated cases for each RAS family gene, primary tumor location, tumor grade or stage, geographical origin of studied patients, mutation assessment method, mutated codon, HPV status, and biopsy type, if reported.



2.5 Evaluation of Quality and Risk of Bias

Our study selection process excluded individual case reports and cohorts of less than ten patients due to the risk of bias. All papers considered after initial screening were reviewed and scored for risk of bias according to the Joanna Briggs Institute Critical Appraisal Checklist for Studies Reporting Prevalence Data (15). Studies that did not evaluate all three RAS family members were considered more prone to risk of bias and were not included in the general prevalence analysis. In addition, publication bias and heterogeneity were assessed by visual inspection of funnel plots and via Egger’s regression test (16) (Figure S1 in the Supplementary Material).



2.6 Statistical Analysis

Pooled prevalence rates, pooled odds ratios (ORs), and forest plots were generated using the R Meta and MetaFor Packages (17, 18). The Cochrane Q chi-squared test and the inconsistency index statistic (I2) were used to examine the heterogeneity across studies. Fixed-effects models were used to assess the pooled prevalence of genes for results with low heterogeneity (I2 ≤ 50%). Otherwise, random-effects models were used for the analyses. A sensitivity analysis using a “leave-one-out” paradigm from the built-in function in MetaFor, as proposed by Wang et al. (19), was used to assess each study’s effect on the overall pooled prevalence and detected outliers (19). First, the pooled overall prevalence of mutations in the three different target genes (KRAS, HRAS, NRAS) was calculated with a corresponding 95% confidence interval (95% CI). Next, subgroup analyses were performed according to geographical region, mutated codon position and anatomical site. Finally, we assessed the association between the RAS gene mutational status and HPV status or tumor grade using the R MetaBin function.




3 Results


3.1 Study Selection

The flow diagram shown in Figure 1 depicts the search strategy and study selection process. A total of 867 studies were retrieved from four electronic databases and a bibliography screen. After the removal of duplicates, 375 studies were considered potentially eligible for evaluation, but 217 did not meet all the inclusion criteria, leaving a final sample of 158 studies. Nine additional studies were excluded due to the high risk of bias. To reduce the risk of bias, only papers with the highest grade (n = 85) were included for pooled analyses of the overall mutation prevalence. The literature references for the studies included in the meta-analysis are listed in Table S1 in the Supplementary Material.




Figure 1 | Flow diagram of the literature search process and selection criteria.





3.2 Study Characteristics

Detailed characteristics of the studies are provided in Table S2 in the Supplementary Material. Of the 149 studies included in the analysis, 112, 130, and 93 contained data pertaining to gene alterations in HRAS, KRAS, and NRAS, respectively, and 85 presented analyses of all three RAS family genes. In total, 148 of the included studies were cohort studies, while one was a phase 1 clinical trial. Forty-seven studies used targeted next-generation sequencing, 46 utilized Sanger sequencing, 23 employed whole-exome sequencing, 9 conducted Mass Array analysis, 4 used whole-genome analyses, and 20 employed other or mixed analysis methods. The anatomical location of the tumors in the included study cohorts are detailed in Table S3 in the Supplementary Material. The studies were conducted in 29 different countries. Four studies included mixed populations from various geographical regions.



3.3 Risk of Bias Within Studies

Nine studies were classified as having a high risk of bias and were therefore excluded from this meta-analysis. Eleven studies were classified as having a moderate risk of bias due to a small cohort size, while 57 studies were classified as having a moderate risk of bias, since they analyzed only one of the three RAS family target genes. The remaining 85 studies were classified as having a low risk of bias and were used in the general prevalence analysis. All low and moderate risk studies were used in prevalence analyses pertaining to tumor anatomical sites, mutated codons, and the association between RAS mutations and patient clinical features.



3.4 Prevalence of RAS Mutations


3.4.1 HRAS Mutations

Mutations in HRAS were identified in 564 tumors from 8501 patients. The mean prevalence of HRAS mutations was 7% (95% CI, 5.38-9.06, p <0.01, I2 = 87%) (Figure 2A). Geographical region-specific analyses revealed significant differences in these rates in different regions of the world (Q = 22.51, Pv <0.0001). The mean frequency of HRAS mutations in South Asia was 15.28%, with this rate being higher than the rates in other geographical regions, including East Asia (5.07%), Europe (4.65%), and North America (6.87) (Figure 3A, Figure S2 in the Supplementary Material).




Figure 2 | Prevalence of RAS mutations in head and neck cancer. (A) The prevalence of HRAS mutations is 7% (95% CI, 5.38-9.06, p <0.01, I2 = 87%). (B) The prevalence of KRAS mutations is 2.89% (95% CI, 2.19-3.80, p <0.0.1, I2 = 67%). (C) The prevalence of NRAS mutations is 2.20% (95% CI, 1.86-2.59, p <0.01, I2 = 29%). CI: Confidence interval. I2: Inconsistency index.






Figure 3 | Global prevalence of RAS mutations in head and neck cancer. Cohort studies were grouped according to the geographical origins of the patients. On the map of the world are shown the frequencies [%] of (A) HRAS, (B) KRAS, and (C) NRAS mutations in East Asia, South Asia, Europe, and North America. Dotted lines and gray shading correspond to the overall prevalence and the 95% CI. CI, Confidence interval; I2, Inconsistency index.





3.4.2 KRAS mutations

Mutations in KRAS were identified in 188 tumors from 8631 patients. The mean prevalence of KRAS mutations was 2.89% (95% CI, 2.19-3.80, p <0.0.1, I2 = 67%) (Figure 2B), with no significant differences in prevalence between analyzed geographical regions (Q = 1.41, Pv = 0.7) (Figure 3B, Figure S2 in the Supplementary Material).



3.4.3 NRAS Mutations

Mutations in NRAS were identified in 113 tumors from 8512 patients. The mean prevalence of NRAS mutations was 2.20% (95% CI, 1.86-2.59, p <0.01, I2 = 29%) (Figure 2C). No significant differences in these rates were observed between the different parts of the world (Q = 3.32, Pv = 0.34) (Figure S2 in the Supplementary Material).




3.5 Hot Spot Mutations and Amino Acid Substitutions


3.5.1 HRAS Mutations

In an analysis of all cases with HRAS mutations, 27%, 18%, and 36% were situated in codons 12, 13, and 61, respectively (Figure 4A). Mutations in codon 12 were mostly G12S point mutations (56.3%), while those in codon 13 were primarily G13R point mutations (46.8%). Lastly, mutations found in Q61 were primarily Q61R (49.2%), Q61K (26.4%), and Q61L (22.2%) point mutations (Figure 4B).




Figure 4 | Hot spot mutations and amino acid substitutions. (A) Mutated codons [%] in cases with HRAS, KRAS, and NRAS mutations and 95% CI. (B) Amino acid substitutions [%] in cases with KRAS G12 and G13 mutations. (C) Amino acid substitutions [%] in cases with HRAS G12, G13, and Q61 mutations. D - aspartic acid, C, cysteine; V, valine; S, serine; R, arginine; A, alanine; K, lysine; L, leucine; CI, Confidence interval.





3.5.2 KRAS Mutations

In an analysis of all cases with KRAS mutations, 56%, 19%, and 0.8% were situated in codons 12, 13, and 61, respectively (Figure 4A). Among the codon 12 mutations, the most common amino acid substitution was G12D (51%), followed by G12V (16.3%) and G12C (12.9%) (Figure 4C).



3.5.3 NRAS Mutations

NRAS mutations were more evenly distributed among the different codons, with 29%, 13%, and 23% being situated in codons 12, 13, and 61, respectively. (Figure 4A). Analysis of amino acid substitutions was not feasible for NRAS mutations due to the low number of cases.




3.6 Difference in Prevalence of RAS Mutations Between Anatomical Sites

As HNC includes tumors that arise from a wide range of anatomical sites and sub-sites, an analysis of the frequency of mutations in the three RAS genes was performed for seven major anatomical areas. A summary of these analyses is presented in Figure 5A and Figure S3 in the Supplementary Material.




Figure 5 | Prevalence of RAS mutations and locations of mutated codons according to tumor anatomical site. (A) Prevalence of RAS mutations according to tumor anatomical site. Dotted lines and gray shading correspond to the overall prevalence and the 95% CI. (B) Mutated codon locations [%] according to tumor anatomical site. CI, Confidence interval; I2, Inconsistency index.




3.6.1 HRAS mutations

A significant difference in the prevalence of HRAS mutations was detected between anatomical sites (Q = 67.96, Pv <0.0001): HRAS mutations were found more frequently in tumors of the salivary glands (10.37%; 95% CI, 7.18-14.06) and oral cavity (7.36%; 95% CI, 5.39-9.76) than in tumors of the sinonasal cavity (1.2%; 95% CI, 0.2-3), oropharynx (2.6%; 95% CI, 1.12-4.56), nasopharynx (0.68%; 95% CI, 0-4.06), larynx (2.76%; 95% CI, 0.99-5.38), or hypopharynx (0.12%; 95% CI, 0-0.04). Salivary gland tumors exhibited a higher frequency of mutations in codon 61 (67%), while in tumors of the oral cavity, mutations in codon 12 were the most frequent (50%) (Figure 5B, left side).



3.6.2 KRAS mutations

A trend towards more frequent KRAS mutations was observed for tumors of the sinonasal cavity (5.67%; 95% CI, 1.33-12.74) as compared to tumors of the salivary glands (0.98%; 95% CI, 0.33-1.96), oral cavity (0.7%; 95% CI, 0.17-1.59), oropharynx (1.49%; 95% CI, 0.6-2.77), nasopharynx (0.83%; 95% CI, 0.29-1.63), larynx (1.43%; 95% CI, 0.34-3.25), or hypopharynx (0.84%; 95% CI, 0-3.18). However, these differences were not robust (Q = 8.5, Pv = 0.29). Mutations in codon 12 were the most frequent across all anatomic sites, followed by those in codon 13. Mutations in codon 61 were primarily detected in tumors of the oropharynx (17%) (Figure 5B, middle).



3.6.3 NRAS mutations

A significant difference between anatomical sites was also seen for NRAS mutations (Q = 18.37, Pv = 0.01), with a rate of 1.85% (95% CI, 0.92-3.1) in the nasopharynx compared to lower rates in tumors of the salivary glands (0.51%; 95% CI, 0.11-1.22), oral cavity (0.3%; 95% CI, 0.11-0.58), sinonasal cavity (0.28%; 95% CI, 0-1.65), oropharynx (0.65%; 95% CI, 0.28-1.16), larynx (0.16%; 95% CI, 0-0.68), or hypopharynx (0%; 95% CI, 0-0.85).

We note that the analyses of the mutated position in specific anatomical sites, and of the specific amino acid substitution, should be interpreted with caution owing to the limited number of mutated cases.




3.7 Association Between RAS Mutations and Disease Stage/Grade

Tumor grade and stage are well-studied prognostic factors for HNC (20). In total, 44 studies reported details of the tumor stage or grade of patients along with the mutation status. Tumors with a stage or grade of 1 and 2 were defined as low-grade tumors, while those with a stage or grade of 3 and 4 were categorized as high-grade tumors. An OR analysis revealed a significant association between HRAS mutation and advanced stage (OR = 3.63; 95% CI, 1.53-8.64) (Figure 6A). KRAS (OR = 2.41; 95% CI, 0.85-6.86) and NRAS (OR = 1.52; 95% CI, 0.68-3.41) mutations were both associated with an OR>1, but the association did not reach statistical significance (Figure S4 in the Supplementary Material).




Figure 6 | Association between RAS mutations and patients’ clinical features. (A) Association between HRAS mutations and tumor grade. In total, 44 studies reported details regarding tumor stage or grade and mutation status. Stage/grade 1 and 2 tumors were categorized as low-grade, while stage/grade 3 and 4 tumors were categorized as high-grade. An OR analysis exhibited a significant association between HRAS mutation status and advanced stage (OR = 3.63; 95% CI, 1.53-8.64). (B) Association between KRAS mutations and human papillomavirus (HPV) infection status. In total, 17 studies reported the detection of RAS mutations in both HPV-positive and HPV-negative patients. An OR analysis revealed a significant association between KRAS mutation status and HPV infection (OR = 2.09; 95% CI, 1.01-4.31). CI, Confidence interval; I2, Inconsistency index; OR, Odds ratio.





3.8 Association Between RAS Mutations and HPV Status

Of the 38 cohort studies that reported the HPV status of HNC patients, only 25 provided specific patient data, and of these, 17 included both HPV-negative and HPV-positive patients, thus allowing an OR analysis. This analysis revealed a significant association between HPV-positive status and KRAS mutations, with an OR of 2.09 (95% CI, 1.01-4.31) (Figure 6B), but no significant correlation between HPV-positive status and HRAS or NRAS mutations (Figure S5 in the Supplementary Material).




4 Discussion

After years of extensive research, new strategies that target the RAS-MAPK pathway are now opening new therapeutic options for affected patients (9). The meta-analysis presented here compiles findings from the past two decades and provides updated insight into the global prevalence of mutations in RAS family genes, underscoring their potential as therapeutic targets in HNC patients.

The prevalence of mutations was highest for the HRAS gene, followed by KRAS and NRAS. This finding aligns with previous reports of the higher frequency of HRAS mutations in HNC as compared to its frequency in other cancer types in which KRAS mutations are most prevalent, followed by NRAS mutations (8). The results of our prevalence analysis diverge slightly from the results of The Cancer Genome Atlas project (21, 22), which has carried out one of the most significant studies on an HNC patient population. These slight differences may be due to the more heterogeneous population of patients from diverse geographical regions, disease stages, and detection methods included in our analysis.

Our analyses revealed differences in the prevalences of RAS mutations according to the anatomical site, which may account for some of the heterogeneity between cohorts in the overall prevalence analysis. HRAS mutations were more prevalent in oral cavity and salivary gland tumors. In contrast, KRAS mutations were more frequent in sinonasal tumors, and NRAS mutations were found chiefly in tumors of the nasopharynx. These findings emphasize the importance of taking the anatomical site of the tumor into consideration so as to achieve a more accurate assessment of RAS mutation frequencies. The variation in frequencies between tissue types may be due to differences in baseline expression and activity of RAS in different anatomical sites, which may, in turn, affect cellular reprogramming and tumor formation (8). Another explanation might be differences in the quality and quantity of exposure to risk factors (23).

Our data reveal a significantly higher prevalence of HRAS mutations in South Asia, corroborating previous studies on oral cancer in India (24–27). Those studies identified region-specific risk factors, such as smoking bidis (cigarettes wrapped in a tendu or temburni leaf) (28, 29), chewing betel nuts (30), and oral hygiene (31), that contribute, separately or synergistically, to the development of tumors, specifically within the oral cavity (32–35). Indeed, in our database, 86% of the patients from South Asia suffered from oral cancer, as opposed to primary tumors in other sites. As noted above, the HRAS mutation frequency is higher in oral cancer worldwide. Thus, further studies are needed to determine whether exposure to such risk factors directly causes mutations in HRAS or whether these factors increase the odds of tumors developing in the oral cavity, in which the prevalence of HRAS mutations is high.

We found that the most frequent amino acid substitution in codon 12 of KRAS was G12D (51%), followed by G12V (16.3%) and G12C (12.9%). This finding provides an indication of the size of the population that could benefit from treatment with mutant-specific inhibitors, i.e., G12C and G12D KRAS inhibitors, that are in various stages of development.

A considerable percentage of HRAS mutations were present in codon 61, particularly in salivary gland tumors. To date, only limited studies have been performed to elucidate the etiology of these specific alterations, but recent analyses of patients with salivary gland cancer have indicated the diagnostic significance of these mutations (36). These findings may help evaluate the size of the subpopulations that could benefit from a particular treatment.

Data regarding the association between RAS gene mutations and prognosis in HNC are contradictory. Some studies link RAS mutations with stage and disease recurrence (37–40), while others predict better prognosis and overall survival (41–43). Our meta-analysis found that mutations in HRAS are significantly associated with high stage/grade scores, emphasizing the importance of considering RAS mutational status when assessing patient prognosis. KRAS and NRAS mutations also exhibited a trend towards being associated with high stage/grade scores. The lower number of cases with KRAS or particularly of NRAS mutations that were available for OR analysis may account for the observed lack of statistical significance.

An association between RAS mutations and HPV status in HNC has been suggested (38, 44). In keeping with these studies, our data reveal a significant association between HPV-positive status and KRAS mutations. Studies on HPV-related cancers, mainly cervical cancer, demonstrate a similar association (45–47). Notably, KRAS mutations, HRAS mutations, and HPV infection were mutually exclusive in benign neoplasms of the head and neck (48). These findings suggest that RAS mutations in the context of HPV infection contribute to carcinogenesis.

Several inhibitors of the RAS-MAPK pathway are currently under evaluation as therapeutics for various cancers [(reviewed in (9)]. Therefore, knowledge regarding the prevalence of RAS family mutations and associated characteristics in HNC may enable researchers to better assess the need for and the potential of trials with molecularly relevant targeted therapeutics.


4.1 Limitations

Certain methodological limitations of this review should be considered. First, even after selecting only those studies with a low ‘risk of bias score,’ the heterogeneity between studies remained high. We believe that this is due to the heterogeneous nature of HNC, which includes a wide range of anatomical sites and etiologies. We attempted to address this issue by conducting additional sub-group analyses, which consistently revealed significant differences between groups. Due to differences in the categorization of sub-anatomic sites between reports and the lack of a minimal number of cases needed for sufficient statistical power, we could not perform analysis on sub-anatomical sites within the seven major anatomical sites. A second limitation of this analysis derives from the differences in the sequencing methods used in the various studies, which may have influenced overall pooled results by interfering with the accuracy and precision of pooled estimates. Third, we could not provide an analysis on RAS mutations association with exposure to risk factors due to insufficient patient-specific data and a lack of standardized categories of risk factors. Such data could potentially have strengthened the observed associations in this study and provided additional insights.




5 Conclusions

This study highlights RAS as a potential therapeutic target in certain subsets of HNC patients. The findings underscore the differences in the prevalence rates of HRAS, KRAS, and NRAS according to tumor anatomical site and geographical region. The analysis also demonstrates that RAS mutations are associated with tumor stage and HPV status.
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Gastric cancer (GC) is the third cause of cancer-related mortality worldwide. Nevertheless, because GC screening programs are not cost-effective, most patients receive diagnosis in the advanced stages, when surgical options are limited. Peritoneal dissemination occurs in approximately one-third of patients with GC at the diagnosis and is a strong predictor of poor outcome. Despite the clinical relevance, biological and molecular mechanisms underlying the development of peritoneal metastasis in GC remain poorly defined. Here, we report results of a high-throughput sequencing of transcriptome expression in paired samples of non-neoplastic and neoplastic gastric samples from 31 patients with GC with or without peritoneal carcinomatosis. The RNA-seq analysis led to the discovery of a group of highly upregulated or downregulated genes, including the leukemia inhibitory factor receptor (LIFR) and one cut domain family member 2 (ONECUT2) that were differentially modulated in patients with peritoneal disease in comparison with patients without peritoneal involvement. Both LIFR and ONECUT2 predicted survival at univariate statistical analysis. LIFR and its major ligand LIF belong to the interleukin-6 (IL-6) cytokine family and have a central role in immune system regulation, carcinogenesis, and dissemination in several human cancers. To confirm the mechanistic role of the LIF/LIFR pathway in promoting GC progression, GC cell lines were challenged in vitro with LIF and a LIFR inhibitor. Among several GC cell lines, MKN45 cells displayed the higher expression of the receptor, and their exposure to LIF promotes a concentration-dependent proliferation and epithelial–mesenchymal transition (EMT), as shown by modulation of relative expression of E-cadherin/vimentin along with JAK and STAT3 phosphorylation and acquisition of a migratory phenotype. Furthermore, exposure to LIF promoted the adhesion of MKN45 cells to the peritoneum in an ex vivo assay. These effects were reversed by the pharmacological blockade of LIFR signaling. Together, these data suggest that LIFR might have a major role in promoting disease progression and peritoneal dissemination in patients with GC and that development of LIF/LIFR inhibitors might have a role in the treatment of GC.
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Introduction

Gastric adenocarcinoma (GAC) is the fifth most common cancer but the third leading cause of cancer-related death (1–3) worldwide (1, 2), with a 5-year survival rate of ≈ 30% (3). The GC is a phenotypically and genotypically heterogeneous disease driven by multiple causative factors, including environmental factors and diet, Helicobacter (H.) pylori or Epstein–Barr virus (EBV) infection and host genetics (4, 5). According to the classical Lauren’s classification, GC is subdivided into three main histological subtypes: diffuse, intestinal, and mixed (6, 7). The diffuse subtype is generally more aggressive and predicts treatment resistance and poor prognosis (8). In contrast to the diffuse type, the intestinal GC is frequently associated with intestinal metaplasia, and H. pylori infection and its prevalence have faced a constant reduction in the last three decades in line with a progressive decrease of P. pylori infection in Western countries (9). Although the Lauren histological classification has been widely used over the past decades, its clinical significance remains limited because it does not reflect the molecular heterogeneity of the disease, which has been progressively elucidated by the diffuse application of next-generation sequencing (NGS) technologies to GC (10–13).

The Cancer Genome Atlas and the Asian Cancer Research Group have identified four distinct subtypes of GAC based on genetic and epigenetic signatures: EBV+, microsatellite instability, genome stability, and chromosomal instability (12, 14). These molecular patterns have been partially validated for clinical use, but there is still a need to better define negative or positive prognostic factors that will predict treatment efficacy.

Currently, radical chirurgical resection is the only therapeutic strategy that offers an effective cure for patients with GC (15). However, very often oncological curative surgery is prevented as most patients are diagnosed in an advanced stage with extensive lymph nodes involvement and distant metastases with limited survival rates. Thus, whereas Stage IIIC resected tumors are associated with 5-year survival rate of 18%, the survival rates for stage IA and IB tumors treated with surgery are 94% and 88%, respectively.

Metastasis is a multistep process (16, 17). A critical event in the formation of metastases is the epithelial–mesenchymal transition (EMT) process in which polarized epithelial cells undergo a process of de-differentiation, characterized by phenotypic changes that are supported by the profound reshaping of EMT biomarkers, including the downregulation of E-cadherin and the upregulation of N-cadherin or vimentin, along with the acquisition of migratory properties (18, 19) and a mesenchymal phenotype. Peritoneal metastases occur in approximately 30% of patients with GC at the time of diagnosis (20), and their presence impacts dramatically on patients survival (21). Furthermore, the peritoneal cavity is a common site of relapse of GC after treatment (22, 23). The poor response of peritoneal carcinomatosis (PC) to existing treatments highlights the need to better understand the promoting mechanisms and to identify molecular biomarkers that will predict development of PC in GC. Recently, NGS studies have shown that the leukemia inhibitory factor (LIF) is one of the highest expressed gene in various solid tumors, including stomach (24, 25), pancreas (26), colon (27), liver (28), and breast (29). Of relevance, LIF/LIF receptor (LIFR) overexpression in these tumors seems to predict a poor prognosis. LIF belongs to the interleukin-6 (IL-6) family of cytokines, promotes EMT, and is envisioned as a potential therapeutic target in many cancers (30). In target cells, LIF signaling is mediated by the formation of a heterodimeric complex assembled by the LIFRβ with the glycoprotein (GP) 130 subunit of IL-6 receptor. The GP130 subunit of the receptor is shared with other members of the IL-6 family of cytokines, whereas LIFRβ is shared only with oncostatin M, cardiotrophin-1, ciliary neurotrophic growth factor, and cardiotrophin-like cytokine. The downstream signaling of the LIF/LIFR pathway involves a JAK (Janus Kinase)-induced STAT3 (Signal Transducer And Activator Of Transcription 3) phosphorylation, AKT (Akt kinase), and mTor (mammalian target of rapamycin) (31–33). Furthermore, LIF is commonly upregulated in carboplatin and paclitaxel resistant cells, suggesting that LIF/LIFR overexpression might contribute to cancer chemoresistance (34). Nevertheless, the role of LIF in GC remains unclear, and some data suggest that LIF overexpression could be protective (35, 36).

In this paper, we report the transcriptome sequencing (RNA-seq) of paired samples of gastric mucosa and adenocarcinoma samples of patients with GC with or without PC and identified LIFR as one of the highest expressed genes in the GC. LIFR expression is a predictor of PC and poor prognosis. In addition, by using in vitro cancer cells and pharmacological approaches, we demonstrate that inhibition of LIF/LIFR signaling might have utility in the treatment of GC.



Materials and Methods


Patients and Specimens

Gastric carcinoma tissues were obtained from 31 patients undergoing surgical resection at the Department of Surgery at the Perugia University Hospital (Italy). Patients included in this series were from a larger cohort of patients with GC who underwent surgery for GC in the years 2014–2017. Patients were selected on the basis of availability of all clinical and histology data and at least 5-year follow-up in 2022, as well as paired tissue samples from normal and primary neoplastic tissues. None of them received chemotherapy or radiation before surgery. Specimen collection was freshly carried out during surgery by a biologist, and paired samples from of normal mucosa sample and neoplastic tissues were collected. Samples were transported to the Gastroenterology laboratory in RNA later and then snap-frozen at −80°C until use. Permission to collect post-surgical samples was granted to Prof. Stefano Fiorucci by the Ethics Committee of Umbria (CEAS), permit FI00001, no. 2266/2014 granted on February 19, 2014, and by University of Perugia Bioethics Committee, permit FIO0003, no. 36348 granted on May 6, 2020. An informed written consent was obtained by each patient before surgery.



AmpliSeq Transcriptome

High-quality RNA was extracted from tumor gastric mucosa and healthy mucosa using the PureLink™ RNA Mini Kit (Thermo Fisher Scientific), according to the manufacturer’s instructions. RNA quality and quantity were assessed with the Qubit® RNA HS Assay Kit and a Qubit 3.0 fluorometer followed by agarose gel electrophoresis. Libraries were generated using the Ion AmpliSeq™ Transcriptome Human Gene Expression Core Panel and Chef-Ready Kit (Thermo Fisher Scientific), according the manufacturer’s instructions. Briefly, 10 ng of RNA was reverse-transcribed with SuperScript™ Vilo™ cDNA Synthesis Kit (Thermo Fisher Scientific, Waltham, MA) before library preparation on the Ion Chef™ instrument (Thermo Fisher Scientific, Waltham, MA). The resulting cDNA was amplified to prepare barcoded libraries using the Ion Code™ PCR Plate, and the Ion AmpliSeq™ Transcriptome Mouse Gene Expression Core Panel (Thermo Fisher Scientific, Waltham, MA), Chef-Ready Kit, according to the manufacturer’s instructions. Barcoded libraries were combined to a final concentration of 100 pM and used to prepare Template-Positive Ion Sphere™ (Thermo Fisher Scientific, Waltham, MA) Particles to load on Ion 540™ Chips, using the Ion 540™ Kit-Chef (Thermo Fisher Scientific, Waltham, MA). Sequencing was performed on an Ion S5™ Sequencer with Torrent Suite™ Software v6 (Thermo Fisher Scientific). The analyses were performed with a range of fold change of <−2 and >+2 and a p-value of <0.05, using Transcriptome Analysis Console Software (version 4.0.2), certified for AmpliSeq analysis (Thermo-Fisher). The transcriptomic data have been deposited as dataset on Mendeley data repository (Mendeley Data, doi: 10.17632/9t86hd78sj.1).



Gastric Cancer Cell Lines

Human gastric cell lines MKN74, MKN45, and KATO III were from the Japanase Collection of Research Bioresources, Human Science Resources Bank (Osaka, Japan). These cells were grown in RPMI 1640 (Sigma-Merk LIFe Science S.r.l. Milan, Italy) medium supplemented with 10% fetal bovine serum (FBS), 1% l-glutamine, 1% penicillin/streptomycin, in a humidified 5% CO2 atmosphere, 37°C. Cells, free from Mycoplasma contamination, confirmed by the use of Mycoplasma PCR Detection (Sigma) were regularly passaged to maintain exponential growth and used from early passages (<10 passages after thawing). To perform all experiments, cells were plated, serum-starved for 24 h, and stimulated for 8, 24, and 48 h.



Real-Time PCR

The RNA was extracted from patient biopsies using the Trizol reagent (Invitrogen) and from cell lines using and Direct-zol™ RNA MiniPrep w/Zymo-Spin™ IIC Columns (Zymo Research, Irvine, CA, USA), according to the manufacturer’s protocol. After purification from genomic DNA by DNase I treatment (ThermoFisher Scientific, Waltham, MA USA), 2 µg of RNA from each sample was reverse-transcribed using the FastGene Scriptase Basic Kit (Nippon Genetics, Mariaweilerstraße, Düren, Germania) in a 20-μl reaction volume. Finally, 50 ng of cDNA was amp LIFied in a 20-μl solution containing 200 nM of each primer and 10 μl of the SYBR Select Master Mix (ThermoFisher Scientific). All reactions were performed in triplicate, and the thermal cycling conditions were as follows: 3 min at 95°C, followed by 40 cycles of 95°C for 15 s, 56°C for 20 s, and 72°C for 30 s, using a Step One Plus machine (Applied Biosystem). The relative mRNA expression was calculated accordingly to the 2−ΔCt method. Primers used in this study were designed using the PRIMER3 (http://frodo.wi.mit.edu/primer3/) software using the NCBI (National Center for Biotechnology Information) database. RT-PCR (Reverse transcriptase-polymerase chain reaction) primers used in this study for human sample and human cell lines were as follows [forward (for) and reverse (rev)]: Cmyc (for: TCGGATTCTCTGCTCTCCTC; rev: TTTTCCACAGAAACAACATCG), E-cadherin (for: GAATGACAACAAGCCCGAAT; rev: TGAGGATGGTGTAAGCGATG), Snail1 (for: ACCCACACTGGCGAGAAG; rev: TGACATCTGAGTGGGTCTGG), and vimentin (for: TCAGAGAGAGGAAGCCGAAA; rev: ATTCCACTTTGCGTTCAAGG).



Immunohistochemistry and Immunocytochemistry

Immunohistochemistry (IHC) was performed on paraffin-embedded human stomach. In brief, Ag retrieval was achieved by incubation of the slides for 90 min in the hot (95°C) sodium citrate buffer (pH 6.0) and 30 min of cooling at room temperature. Immunostaining technique was carried out using the commercial kit Elabscience®2-step plus Poly-HRP Anti-Rabbit/Mouse IgG Detection System (with DAB Solution) (Houston, TX 77079, USA.) Anti-LIFR Rabbit Polyclonal Antibody (Ab) (ab235908; Abcam, Cambridge, UK) was incubated overnight at 4°C. Subsequently, sections were incubated with Polyperoxidase anti-Mouse/Rabbit IgG and then with DAB Working Solution, both supplied by the kit. Slides were counterstained with hematoxylin, dehydrated through ethanol and xylene, and coverslipped using a xylene-based mounting medium.

Slides were observed under microscope and the photos were obtained with the Nikon DS-Ri2 camera, with magnification of ×20, ×40, and ×100. Immunocytochemistry (ICC) was performed on MKN45, untreated or treated with LIF (10 ng/ml; 14890-H02H, SinoBiological, Düsseldorfer, 65760 Eschborn, Germany). Cells were plate on slides using cytospined. The spots obtained were fixed in 4% formalin for 20 min and then submitted at the same procedure of immunostaining with the commercial kit Elabscience®2-step plus Poly-HRP Anti-Rabbit/Mouse IgG Detection System (with DAB Solution) (Houston, TX 77079, USA). After incubation with LIFR primary Ab and secondary Ab supplied by the kit, cells were counterstained with hematoxylin and then observed under microscope with magnification of ×100.



Cell Proliferation Assay

The cell viability assay was done using the CellTiter 96 Aqueous One Solution Cell Proliferation Assay (Promega, Milano, Italy), a colorimetric method for accessing the number of viable cells in proliferation. The MTS assay protocol is based on the reduction of the MTS [3-(4,5-dimethylthiazol-2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)-2H-tetrazolium] tetrazolium by cells into a colored formazan product that is soluble in cell culture media. Briefly, on day 0, MKN45 cells were seeded in RPMI 1640 complete medium at 36 × 103 cells/100-µl well into 96-well tissue culture plate. On day 1, cells were serum-starved for 24 h, and on day 3, cells were primed with the LIFR major ligand, LIF (0.5, 5, 10, 50, and 100 ng/ml), or only with vehicle. In another experimental setting, on day 3, cells were triggered with LIF (10 ng/ml) plus LIFR antagonist, EC359 (25, 50, 100, and 1,000 nM) (MedChemExpress, NJ 08852, USA), and cell proliferation was assessed as mentioned above. Absorbance was measured using a 96-well reader spectrophotometer (490 nm). In these experiments, each experimental setting was replicated 10 folds. For analysis, the well background readings with the medium alone were subtracted from the samples readouts.



Flow Cytometry

The intracellular flow cytometry staining for Ki-67 was performed using the following reagents: Ki-67 Monoclonal Antibody (SolA15), Alexa Fluor™ 488 (eBioscience™, San Diego, CA, United States), and DAPI (4',6-diamidin-2-fenilindolo) to characterize the cell cycle phases G0-G1, S-G2-M, and the apoptosis rate. Briefly, MK45 cells were seeded in six-well tissue culture plate (cell density 700 × 103 per well) in 100 µl of RPMI 1640 medium supplemented with 10% FBS, 1% l-glutamine, and 1% penicillin and streptomycin at 37°C and 5% CO2. Cells were serum-starved for 24 h and then incubated with LIF (10 and 50 ng/ml) or vehicle for 48 h. In another experimental setting, cells were first challenged with LIF (10 ng/ml) alone or in combination with LIFR antagonists EC359 25 nM. Before intracellular IC-FACS (Immun cells-Fluorescence-Activated Cell Sorting) staining cells were fixed for 30 min in the dark using IC Fixation Buffer (eBioscience™) and then permeabilized using Permeabilization Buffer (10X) (eBioscience™). Flow cytometry analyses were carried out using a three-laser standard configuration ATTUNE NxT (LIFe Technologies, Carlsbad, CA). Data were analyzed using FlowJo software (TreeStar) and the gates set using a fluorescence minus one (FMO) control strategy. FMO controls are samples that include all conjugated Abs present in the test samples except one. The channel in which the conjugated Ab is missing is the one for which the FMO provides a gating control.



Western Blot Analysis

MK45 cells were seeded in six-well tissue culture plate (cell density, 400 × 103 per well) in 100 µl of RPMI 1640 medium supplemented with 10% FBS, 1% l-glutamine, and 1% penicillin and streptomycin at 37°C and 5% CO2. Cells were serum-starved for 24 h and then incubated with LIF (10 ng/ml) and EC359 (25 and 100 nM), alone or in combination, for 48 h. Total lysates were prepared by homogenization of MKN45 cells in Ripa buffer containing phosphatase and protease inhibitors. Protein extracts were electrophoresed on 12% acrylamide Tris-Glycine gel (Invitrogen), blotted to nitrocellulose membrane, and then incubated overnight with primary Abs against Jak1 (1:500; sc-7228, Santa Cruz Biotechnology), phospho-Jak1 (1:1,000; GTX25493, GeneTex), STAT3 (1:500; sc-8019, Santa Cruz Biotechnology), phosho-Stat3 (1:1,000; GTX118000, GeneTex), and Gapdh (1:1,000; bs2188R, Bioss Antibodies). Primary Abs were detected with the HRP (horseradish peroxidase)-labeled secondary Abs. Proteins were visualized by Immobilon Western Chemiluminescent Reagent (MilliporeSigma) and iBright Imaging Systems (Invitrogen). Quantitative densitometry analysis was performed using ImageJ software. The degree of JAK1 and STAT3 phosphorylation was calculated as the ratio between the densitometry readings of p-Jak1/Jak1 and p-STAT3/STAT3, respectively.



Wound Healing Assay

MKN45 cells were seeded in RPMI 1640 complete medium at 800 × 103 cells per well into 24-well plate and used at 70%–80% confluence rate (37). On the day 1, the cell monolayers were gently scraped vertically with a new 0.2-ml pipette tip across the center of the well; during the scratch, the medium was not removed to avoid cell death. After scratching, the well was gently washed twice with PBS (Phosphate buffered saline) (Euroclone, Milan, Italy) to remove the detached cells and cell debris, and finally, fresh medium containing LIF (10 ng/ml) and EC359 (100 nM), alone or in combination, was added into each well. Immediately after scratch creation, the 24-well plate was placed under a phase-contrast microscope, and the first image of the scratch was acquired (T = 0 h) using an OPTIKAM Pro Cool 5 – 4083.CL5 camera. Cells were grown for additional 48 h, and images were taken at 24 and 48 h. The gap distance between scarps borders was quantified by assessing that area between the two margins of the scratchs. All experiments were performed in triplicate.



Cell Adhesion to Peritoneum

For these experiments, MKN45 cells were grown in a complete RPMI medium and on day 2, starved, and left untreated or incubated with LIF (10 ng/ml) and EC359 (100 nM), alone or in combination for 48 h. On day 5, mouse parietal peritoneum sections (~1.6 cm2) were placed in a 24-well culture plate, which had been filled with 1.0 ml of RPMI 1640 medium supplemented with 5% of FBS (38) and incubated with MKN45 cells. For this purpose, GC cells were first detached, fluorescently labeled with BCECF-AM (2',7'-bis-(2-carboxyethyl)-5-(and-6)-carboxyfluorescein) (10 μM) at 37°C for 30 min, and washed twice with PBS and after trypan blue staining; a suspension of living cells (5 × 105 cells/ml in RPMI 1640) were seeded on the peritoneum in a 24-well plate; and the plate was incubated at 37°C for 60 min. After a gentle washing with PBS, the cells adherent to the peritoneum were lysed with 1.0 ml of Tris (50 mM) plus 1% SDS (Sodium dodecyl sulfate). Fluorescence intensity was measured with a fluorescence spectrophotometer (Ex = 490 nm and Em = 520 nm). Experiments were carried out in quintuplicate.



Statistical Analysis

Patients’ descriptive analysis was generated, and their differences were investigated using Student’s t-test for quantitative data; normality test according to D’Agostino-Pearson was performed, and when not passed, quantitative data were compared using the Mann–Whitney test. For qualitative data, we used either the Fisher’s exact test or the Chi-square test. Overall survival analyses were carried out with the Kaplan–Meier method, and differences were evaluated using log-rank test. Only variables that achieved statistical significance in the univariate analysis were subsequently evaluated in the multivariate analysis using Cox’s proportional hazard regression model. ROC (receiver operating characteristic curve and Area Under the Curve) curves and AUC have also been calculated with the help of statistical software. A p-value of less than 0.05 was considered statistically significant. All statistical analyses were performed using the MedCalc Statistical Software version 14.8.1 (MedCalc Software, Ostend, Belgium), Prism 7.2 GraphPad, and SPSS, IBM version 23.

In vitro statistical analysis was carried out using the ANOVA followed by the nonparametric Mann–Whitney U-test or a two-tailed unpaired Student’s t-test comparisons (* p < 0.05) using the Prism 6.0 software (GraphPad San Diego, CA, USA).




Results


Patients

This study includes RNA-seq analysis of paired gastric samples from 31 patients with GC undergoing surgery at the Perugia University Hospital (2013–2019). Peritoneal metastasis dissemination was verified at surgery either macroscopically (P+) or microscopically (Cy+). This led to the identification of 19 patients with no peritoneal involvement (P0 and Cy0) and 12 who had peritoneal involvement (P+ or Cy+) at surgery. Table 1 shows demographic characteristics, primary tumor features and surgical approaches followed in these patients. Patients were then followed up to 5 years after surgery, and, as shown in Figure 1, median survival time was 41 months and the 5-year overall survival rate was 35.7%. As shown in Figure 1, patients with peritoneal involvement have a significantly worse prognosis, whereas patients without peritoneal involvement had a median survival of 53 months (5-year survival rate, 49.2%), and the median survival time was 14.5 months in patients with PC (5-year survival rate, 25%).


Table 1 | Clinical and pathological characterization of patients population at baseline.






Figure 1 | Patients survival. (A) Overall survival of a cohort of patients with GC and (B) overall survival of 31 patients according to the presence of peritoneal disease either macroscopically or microscopically; p < 0.05.





Gene Expression Profile

The RNA transcription profile by AmpliSeq Transcriptome analysis (RNA-seq) of the two patient cohorts was carried out on paired samples of GCs and their matched normal tissues. The principal component analysis (PCA) of transcriptome shown in Figure 2 highlighted the dissimilarities between GC samples obtained from patients with and without PC, showing only a partial overlap of the two groups. These results were confirmed by Venn diagram analysis of differentially expressed transcripts. As shown in Figure 2, this analysis allowed the identification of 341 transcripts belonging to AC+C subsets that were differentially modulated only in the cancer tissues with patients with peritoneal involvement. Specifically, 79 genes were upregulated and 262 downregulated (Figure 2). The per-pathway analysis of these differentially expressed genes using the TAC software (Affymetrix) demonstrated that the most modulated pathways in GC tumoral tissue belong to the EMT pathways, receptors and metabolism, inflammation, and signaling clusters (Figure 2). Analysis of differentially expressed (most upregulated and downregulated genes) in two cohorts of patients with GC (with or without PC) demonstrated that the top three upregulated genes were osteoglycin (Ong), LIFR, and secreted frizzled related protein 2 (Sfrp2); whereas the top three downregulated were fatty acid–binding protein 1 (Fabp1), one cut homeobox 2 transcriptional factor (Onecut2), and Ig superfamily protein glycoprotein A33 (Gpa33) genes (Figure 2). Whereas all six genes showed some degrees of correlation with patient survival (Figure 3), only the relative expression of Onecut2 and LIFR was statistically correlated with reduced patient survival at univariate analysis (P < 0.05). However, because, in comparison with normal mucosa, the expression of Onecut2 mRNA (39) was upregulated in the bulk tumor of patients with GC without peritoneal involvement but downregulated in those showing PC, we have focused our attention on LIFR.




Figure 2 | Transcriptome analysis of gastric cancer and paired normal tissues in 31 patients with advanced gastric cancer. (A) Heterogeneity characterization of gastric samples showed by principal component analysis (PCA) plot. (B) Venn diagram of differentially expressed genes showing the overlapping regions between the three comparison groups: gastric cancer with peritoneal carcinomatosis vs. healthy mucosa (red subset), gastric cancer without peritoneal carcinomatosis vs. healthy mucosa (blue subset), and gastric cancer with peritoneal carcinomatosis vs. gastric cancer without peritoneal carcinomatosis (green subset). (C) Scatter plots of transcripts differentially expressed between gastric cancer tissues with peritoneal carcinomatosis and gastric cancer tissues without peritoneal carcinomatosis. (D) For pathways analysis of green subset, identification of pathways can be grouped in four clusters: epithelial–mesenchymal transition, receptors and metabolism, inflammation, and signaling. (E) Table showing the fold change of expression of the top 10 upregulated and downregulated genes included in green subset (fold change of <−2 or >+2 and p-value of < 0.05).






Figure 3 | Gene expression and survival curve. Left panel: Relative mRNA expression levels extract from RNA-seq analysis and overall survival of patients according to up regulated genes expression of (A) OGN, (B) LIFR, and (C) SFRP2. Right panel: Relative mRNA expression levels extract from RNA-seq analysis and overall survival of patients according to down regulated genes expression of (D) Fabp1, (E) Onecut2, and (F) Gpa33.





LIFR Expression Is Increased in Mucosa of Patient With GC With Peritoneal Carcinomatosis

To explore the role of LIFR and LIF in GC, we have then assessed LIFR expression in 31 tumor samples from patients with GC and compared them to the corresponding non-neoplastic mucosa. The results of this experiment demonstrated that LIFR expression in GC tissues was similar to that detected in paired samples of non-neoplastic mucosa (Figure 4). However, when patients with GC with or without peritoneal disease were compared, we found that LIFR expression was significantly increased in patients with PC (P-value of <0.05) (Figure 4). These findings were confirmed by LIFR IHC staining on GC biopsies. As shown in Figure 4, LIFR expression was detected as a faint signal in gastric glands on the normal mucosa, but the signal increased dramatically in the cancer tissues, showing a strong localization on the cell membrane of cancer cells (arrow), whereas some scattered signals were also detected in the tumor matrix (Figure 4F). Furthermore, to investigate the role of LIF/LIFR signaling, LIF mRNA expression level was assessed in paired samples of neoplastic and non-neoplastic mucosa of these patients, and, as shown in Figure 4, mRNA LIF expression showed a trend, although not significant, toward reduction in GC samples compared with non-neoplastic mucosa.




Figure 4 | LIFR is a negative prognostic factor for survival of a patient with GC with carcinomatosis. The expression of LIFR and LIF was examined in surgical samples from non-neoplastic and gastric adenocarcinoma mucosa obtained by patients with GC underwent surgery for GC treatment. Data shown are follows: Gene expression of LIFR (Log2) (A) in non-neoplastic vs. neoplastic mucosa and (B) in non-neoplastic and gastric adenocarcinoma w/o carcinomatosis vs. adenocarcinoma with carcinomatosis. (C) Relative mRNA expression of LIF. (D) H&E staining of non-neoplastic mucosa (magnification, ×20). (E) IHC staining of non-neoplastic mucosa (magnification, ×20, ×40, and ×100). (F) (hematoxylin and eosin) H&E staining of gastric adenocarcinoma mucosa (magnification, ×20). (G) IHC staining of IHC staining of gastric adenocarcinoma mucosa (magnification, ×20, ×40, and ×100). * represents statistical significance versus Non neoplastic tissue.





LIF and LIFR Expression in GC Cell Lines

Because the abovementioned data demonstrated that LIFR expression increases in patients with peritoneal involvement, we have then investigated whether the LIF/LIFR signaling drives the EMT transition using GC cell lines (Figure 5A) and found that the poorly differentiated cell line MKN45 shows the strongest expression of LIFR in comparison with KATO III and the more differentiated cell line, MKN74. In contrast, expression of LIF mRNA displayed an opposite trend, with MKN45 showing the lower expression and MKN74 showing the higher expression (Figure 5A), further confirming that LIF and LIFR were oppositely regulated, as observed in human samples (Figure 4) (36). Thus, we have used MKN45 cells in the following experiments.




Figure 5 | LIFR activation promotes cell proliferation and EMT in MKN45 cells. Relative mRNA expression (A) LIFR and (B) LIF in CG cell lines. (C) IHC staining of LIFR in MNK45 cell lines on the left untreated and on the right triggered with LIF (10 ng/ml; magnification, ×100). MKN45 cells were serum-starved and primed with LIF (0.5, 5, and 10 ng/ml). Data shown are as follows: (D) dose–response curve of LIF (0.5, 5, and 10 ng/ml) determined using MTS assay on MKN45 cells. Each value is expressed relative to those of non-treated (NT), which are arbitrarily settled to 1. Results are the mean ± SEM of 10 samples per group. Relative mRNA expression of (E) the proliferation marker C-Myc and EMT markers (F) E-cadherin, (G) vimentin, and (H) Snal-1. Each value is normalized to Gapdh and is expressed relative to those of positive controls, which are arbitrarily settled to 1. Results are the mean ± SEM of five samples per group (* represents statistical significance versus NT, and # versus LIF, p < 0.05).



To investigate the role of LIF/LIFR in modulating GC cells proliferation and function, MKN45 cells were cultured with increasing concentrations of LIF at 0.5, 5, 10, 50, and 100 ng/ml, and cell proliferation was assessed as detailed in Materials and Methods. Data shown in Figure 5 demonstrated that exposure to LIF induced LIFR expression, as assessed by LIFR staining by ICC (Figure 5), and also promoted cell proliferation in a concentration-dependent manner as shown by results of MTS proliferation assay and relative mRNA expression of CMYC (Figure 5). Importantly, however, challenging MKN45 cells with higher concentrations of LIF at 50 and 100 ng/ml resulted in a growth-retardation effect, suggesting that, at these concentrations, LIF might be directly cytotoxic (Figure S1) (36).

Subsequently, we have investigated the effect of LIF on MKN45 cell cycle and apoptosis (Figure S1). LIF at the concentration of 10 ng/ml modulated cell proliferation and cycle, reducing the percentage of G0-G1 cells while increasing the percentage of MKN45 cells in in S-G2-M phases (Figure S1). Again, these effects were biphasic and higher concentrations of LIF (10 and 100 ng/ml) promoted a cell growth arrest (Figure S1). Thus, additional experiments were performed using LIF (10 ng/ml) as the maximal effective concentration.

Because LIFR promotes EMT in various cell systems, we have investigated the expression of E-cadherin, vimentin, and SNAIL1, the three well-recognized biomarkers of EMT, in MKN45 cells (40). The results of these experiments demonstrated that exposure of MKN45 to LIF (0.5, 5, 10, 50, and 100 ng/ml), for 48 h promoted a concentration-dependent reduction of E-cadherin mRNA expression (Figure 5), which was statistically significant (p < 0.05) at 10 ng/ml, while increasing the expression of vimentin and SNAIL1 mRNA in the same range of concentrations (Figure 5G). These effects were lost at higher concentrations, LIF at 50 mg/ml, due to increased apoptosis rate and cell growth arrest (Figure S1). Collectively, these data suggest that LIFR agonism promotes cells growth and EMT of MKN45 cells.

To further shed light in these findings to LIFR activation, we have then investigated whether LIFR inhibition effectively reversed this pattern. In these studies, we used EC359 as LIFR inhibitor. EC359 is a small molecule that selectively binds LIFR and downregulates its pro-oncogenic effects in vitro and in vivo (31). For this purposes, MKN45 cells were growth in a medium with LIF (10 ng/ml), with or without increasing concentrations of EC359 at 25, 50, 100, and 1,000 nM, for 48 h. As shown in Figure 6, exposure to LIF again promoted cell proliferation as measured by MTS, and this effect was reversed in a concentration-dependent manner by EC359 (Figure 6). The above effects were statistically significant already at a concentration of 25 nM, whereas EC359 was cytotoxic at 1,000 nM. Similarly, the mRNA expression of CMYC was statistically reduced by 25 nM EC359 (Figure 6). In addition, the LIFR inhibition modulated the cell cycle as shown by Ki-67/DAPI IC-FACS staining (Figure 6). The cell cycle analysis revealed that EC359 alone did not decreased the rate of proliferative GC cells compared with untreated cells; instead, EC359, in combination with LIF, effectively reversed the effect of LIF in a statistically significant manner (p < 0.05), blocking the shift from resting cell in G0-G1 cell cycle phase to S-G2-M, as also demonstrated by the calculations of ratio between percent of G0-G1 and S-G2-M cells (Figure 6). Moreover, EC359 increased the apoptosis cell rates, which was diminished by LIF (Figure 6). Consistent with these findings, LIFR inhibition by EC359 reversed EMT features in MKN45 cells challenged with LIF. As shown in Figure 6F, at the concentration of 25 and 100 nM, EC359 downregulated E-cadherin and reduced the expression of vimentin. Taken together, these data demonstrate that EC359 effectively reverses GC cell proliferation and EMT promoted by LIF/LIFR signaling.




Figure 6 | LIFR antagonist EC359 hinders cell cycle progression, increases apoptosis rate in MKN45 cells and inhibits EMT process. (A) Dose–response curve of EC359 (25, 50, 100, and 1,000 nM) determined using MTS assay on MKN45 cells (n = 10). MKN45 cells were serum-starved and triggered with LIF (10 ng/ml), EC359 (100 nM), and LIF + EC359 for 48 h. Cell cycle phase analysis was performed by Ki-67/DAPI staining through IC-FACS. Data shown are follows: percentage of (B) from left to right cell in G0-G1 cell cycle phases, S-G2-M cell cycle phases, and ratio between % G0-G1 and % S-G2-M. (C) Percentage of apoptotic cells. (D) Representative IC-FACS showed cell cycle fraction and apoptosis rate in NT, LIF (10 ng/ml), EC359 (25 nM), and LIF + EC359. Results are the mean ± SEM of three samples for group (* represents statistical significance versus NT, and # versus LIF, p < 0.05). Relative mRNA expression of (E) the proliferation marker C-Myc and EMT markers (F) E-Cadherin, (G) Snal-1, and (H) vimentin. Each value is normalized to Gapdh and is expressed relative to those of positive controls, which are arbitrarily settled to 1. Results are the mean ± SEM of five samples per group (* represents statistical significance versus NT, and # versus LIF, p < 0.05).



Because LIF/LIFR activation promotes a downstream signaling that involves several kinases, we have then investigated whether challenging MKN45 cells with LIF promotes JAK and STAT3 phosphorylation. The results of these experiments demonstrated that LIF at the concentration of 10 ng/ml increases the expression of LIFR and promotes the phosphorylation of both JAK and STAT3 and that these effects were reversed by LIFR inhibition by EC359 at 100 nM (Figures 7A, B).




Figure 7 | Analysis of JAK-STAT signaling pathway. Representative Western blot analysis of (A) LIFR, JAK1 and phospho-JAK1, STAT3 and phospho-STAT3, and proteins in MKN45 exposed to LIF (10 nM) alone or in combination with EC359 (25 nM and 100 nM) for 20 min. GAPDH was used as loading control. (B) Densitometric analysis demonstrating LIFR expression, phospho-JAK1/JAK1, and phospho-STAT3/STAT3 ratio. The blot shown is representative of another one showing the same pattern. (* represents statistical significance versus NT, and # versus LIF, p < 0.05).



To evaluated whether modulation of MKN45 by LIF promotes the acquisition of a migratory phenotype, we have performed a scratch wound healing assay, a validated method to functionally assess EMT (Figure 8A). For these purposes, MKN45 cells were growth in a complete medium, and, on the day 0, after a scratch was produced as described in Material and Methods, cells were challenged with LIF (10 ng/ml) and EC359 (100 nM) or the combinations of the two. Cell migration was assessed by measuring the area between the two scratch margins at different time points: 0, 24, and 48 h. As illustrated in Figure 8, exposure to LIF promoted cell migration and wound closure with a reduction of the wound area of 45.41% at 24 h and 82.23% at 48 h. This pattern was reversed by exposure to EC359 (p < 0.05). In addition, EC359 alone reduced the percentage of wound closure compared with untreated cells, but these changes were not statistically significant. Similar findings were observed assessing the adhesion of MKN45 cells to the peritoneum. In this assay, although LIF promoted MKN45 adhesion to the mouse peritoneum, the effect was again significantly attenuated by co-treating the cells with EC359 by ≈30% (Figure 8). In summary, these results demonstrate that LIFR inhibition decreases LIF-induced ability to gain the migratory phenotype of MKN45 cells.




Figure 8 | LIFR antagonism inhibits MKN45. (A, B) A scratch wound healing assay is shown. MKN45 cell monolayers were scraped in a straight line using a p200 pipette tip to create a “scratch”, and then, they are left untreated or primed with LIF (10 ng/ml), EC359 (100 nM), and LIF + EC359. The wound generated was imaged at 0, 24, and 48 h of incubation with the indicated compounds. (A) The images show cell migration at the three times point indicated. (B) Images obtained points were analysed measuring scraped area and its closure vs. the first time point at 0 h. Results are the mean ± SEM of three samples per group. (C) Cell adhesion to peritoneum. Experiment was conducted in quintuplicate (* represents statistical significance versus NT, and # versus LIF, p < 0.05).






Discussion

The LIF/LIFR signaling has been identified as a potential therapeutic target in the treatment of several cancers. In the present study, we report the transcriptome profiling (RNA-seq) of a group of patients with GC with or without PC. This investigation allowed the identification of LIFR as one of the highest expressed genes in patients with peritoneal involvement and as a strong predictor of a poor prognosis in these patients. In addition, we have shown that activation of LIF/LIFR signaling in GC cells promotes the acquisition of a mesenchymal phenotype, suggesting a potential mechanistic role of LIF/LIFR signaling in the development of peritoneal metastasis.

The PC is a relatively common localization of metastasis in GC, occurring in up to 14% of newly diagnosed patients with GC, and is the most common site (~50%) of recurrence in patients with GC after radical surgery (41–43). In our series, as expected, presence of peritoneal metastasis was a strong predictor of poor prognosis, and mean survival time of patients with positive peritoneal cytology or macroscopic evidence of peritoneal metastasis at surgery (Cy+/P+) was approximately 12 months, significantly lower in comparison with the 60 months median survival observed in patients that were Cy0/T0. These data are in agreement with previous findings, confirming the fact that the development of a peritoneal disease is a strong predictor of a shorter-term survival in patients with GC.

In addition to the presence of peritoneal disease, by the transcriptome analysis of paired samples of neoplastic tissue and normal gastric mucosa, we have identified a group of six differentially expressed genes that predict poor prognosis: ONG, FABP1, LIF, ONECUT2, SFRP2, and GPA33. More specifically, we have shown that the top three upregulated genes—ONG, LIFR, and SFRP2, and the top three downregulated genes—FABP1, ONECUT2, and GPA33, were all associated with a poor prognosis, although statistically significant difference was detected only for the expression of ONECUT2 and LIFR (P < 0.05).

ONECUT2 belongs to the family of the ONECUT transcription factors, a small group of evolutionarily conserved proteins that play a role in the embryo, liver, pancreas, and neuronal system development (44). Although a role for ONECUT2 in cancer is not well defined, there is evidence that the expression of this gene is aberrantly upregulated in a variety of cancers including hepatocellular carcinoma, prostate cancer, colorectal cancer, and ovarian cancer, suggesting a role for this transcription factor in the modulation of cancer progression (45). Despite the fact that, similar to a previous study, we have found that ONECUT2 gene expression was increased in the neoplastic tissues in comparison with paired samples obtained from non-neoplastic mucosa, we have found that reduced levels of ONECUT2, rather than its induction, are a poor prognosis predictor in patients with GC and peritoneal disease (39). The reason for this discrepancy is unclear, because overexpression of ONECUT2 in MKN54 and AGS, two GC cell lines, promotes cell proliferation and migration. However, others have reported that ONECUT2 regulation occurs through epigenetic regulation and hypomethylation of that CpGs in the promoter of ONECUT2, and this regulation occurs primarily in promoting intestinal differentiation of gastric mucosa. Accordingly, it has suggested that tissues levels of ONECUT2, gene and protein, might have utility in detecting intestinal metaplasia and might represent a biomarker of initial stages of gastric carcinogenesis. In contrast, the role of ONECUT2 in advanced disease is less defined (46).

The formation of peritoneal metastasis in GC is a multistep process, whereby cancer cells detach from primary tumor, migrate and attach to distant peritoneum, followed by invasion into sub-peritoneal tissues and cell proliferation to form detectable metastasis (47). Despite the clinical relevance, the specific molecular mechanisms that drive the formation of peritoneal metastasis in GC remain poorly understood, although previous studies using paired samples of primary and metastatic tumors have identified several putative mediators, mostly related to EMT remodeling, cell motility, and cytoskeleton rearrangement (48). Here, we report that the development of peritoneal disease in our series of patients with GC is associated with a robust upregulation of the LIFR in the primary tumors. This finding prompted us to further investigate whether the LIF/LIFR system was involved in promoting the EMT phenotype, a process that involves a deep reprogramming of the cancer cells genes. LIFR is an heterodimeric membrane receptor complex composed by LIFRβ and GP130 (49, 50), and although the receptor lacks an intrinsic tyrosine kinase activity, LIFR/GP130 complex constitutively associates with JAK-Tyk family of cytoplasmic tyrosine kinases, which facilitates downstream signaling and STAT3 phosphorylation activation. Several tumors exhibit upregulated JAK/STAT, ERK/MAPK, and PI3K/AKT signaling via autocrine or paracrine activation of LIF/LIFR GP130, and this pathway significantly contributes to EMT in several cancers, disease progression, and a poorer relapse-free survival in several cancers (51). LIF also participates to cross-talk between tumor cells and matrix fibroblasts to mediate the pro-invasive activation of stromal fibroblasts (52) and promotes drug resistance to HDAC inhibitors (53). By using GC cell lines, we have shown that LIFR expression varies from one line to another and that MKN45 cells were the cells with the highest expression. Challenging these cells with LIF promotes the acquisition of migratory phenotype, and this is associated with the acquisition of molecular signature of EMT and these changes are associated with LIF/LIFR signaling as assessed by measuring JAK and STAT3 phosphorylation. Of relevance, the LIFR inhibitor, EC359 (IC50 values of 10.2 nM), reversed these changed. Cotreating MKN45 cells with EC359 also reversed JAK and STAT3 phosphorylation induced by exposure of MKN45 cells to LIF, as well as regulation of E-cadherin and vimentin in a concentration-dependent manner, further confirming the role of LIF/LIFR in promoting EMT as well as acquisition of migratory phenotype of GC cells.

Cytoskeletal remodeling is closely related with tumor migration, invasion, and metastasis (54). LIFR plays an essential role in regulation of actin filament dynamics by modulating the expression of vimentin. Consistent with this background, we demonstrate that pharmacological inhibition of LIFR negatively regulates the expression of vimentin and that this effects are associated with a reduce cell motility and impaired migration (55, 56). Vimentin plays an important role in tumor invasion and metastasis (57), and its counter-regulation is a further evidence of the role that LIF/LIFR signaling plays in the modulation of EMT process. Of relevance, LIFR activation positively regulates vimentin expression and downregulates E-cadherin via JAK and STAT3 phosphorylation, and LIFR antagonism reversed this pathway (55–57).

In conclusion, by NGS RNA-seq analysis, we have identified LIF/LIFR pathway as an important mechanism in disease progression in GC. High levels of expression of LIFR mRNA in tumor tissues predict poor prognosis and reduced response to therapy. In addition, by using GC cell lines, we have shown that LIFR activation results in JAK STAT3 phosphorylation and EMT as demonstrated by vimentin induction and blunted expression of E-cadherin. These molecular changes are associated with a migratory phenotype of GC cell lines and are reversed by LIF/LIFR antagonism. Together, we suggest that targeting LIF/LIFR signaling might have utility in management of GC.
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Von Hippel Lindau(VHL)syndrome presents with cerebellar and spinal hemangioblastomas, renal cell cancer, neuroendocrine pancreatic tumor, and pheochromocytoma and it is caused by germline mutations in the VHL gene. Pathogenic germline variants in the succinate dehydrogenase A (SDHA) gene are associated with paraganglioma and pheochromocytoma. Here we report co-occurrence of germline pathogenic variants in both VHL and SDHA genes in a patient who presented with pancreatic neuroendocrine tumor. As these genes converge on the pseudo-hypoxia signaling pathway, further studies are warranted to determine the significance of co-occurrence of these variants in relation to tumor penetrance, disease severity, treatment response and clinical outcomes in this selected group of patients.
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Introduction

Von Hippel Lindau (VHL) syndrome caused by germline loss-of-function variants in the gene VHL, is an autosomal dominant cancer predisposition syndrome (1). Clinical features include cerebellar and spinal hemangioblastomas, renal cell cancer, neuroendocrine pancreatic tumor, pheochromocytoma, and paragangliomas. Germline pathogenic variants in the succinate dehydrogenase A (SDHA) gene are associated with familial paraganglioma and pheochromocytoma syndrome inherited in an autosomal dominant manner (2). At the cellular level, SDHA and VHL proteins interact and converge into a common molecular pathway via the hypoxia inducible factor alpha (HIF-α) (3). Here we report co-occurrence of germline pathogenic variants in both genes (VHL and SDHA) in a patient who presented with pancreatic neuroendocrine tumor. We describe the known molecular pathways involving VHL and SDHA and postulate that the disease prognosis may be dependent on the presence of co-occurring pathogenic variants in these genes through the involvement of HIF-α in the final common pathway. To our knowledge, this is the first case report of both VHL and SDHA pathogenic variants.



Case Presentation

The proband, a 23-year-old female, was reviewed at our Genetics Cancer Predisposition clinic for evaluation and recommendations for concurrent germline pathogenic variants in the VHL and SDHA genes. She presented with recurrent episodes of abdominal pain, vomiting, and anorexia at 21-years of age. Initial radiological and endoscopic evaluations were unremarkable. Her symptoms continued to persist, and a review of her prior abdominal computed tomography (Figures 1A, B) and magnetic resonance imaging (MRI) study showed a mass in the pancreatic tail with hepatic metastases (Figures 1C–F). She underwent surgical resection of pancreatic tail mass as well as right liver lobectomy, splenectomy, and cholecystectomy for metastatic disease.




Figure 1 | Axial (A) and coronal (B) contrast enhanced CT demonstrate a pancreatic tail mass with central necrosis (→) positioned between the stomach, spleen, and kidney. MRI of the abdomen reveals a mass in the tail of the pancreas (→) with intermediate T2 signal (C), diffusion restriction (D) and peripheral contrast enhancement (E). Additional enhancing lesions (▸) were seen in the liver consistent with metastatic disease (F).



Histopathologic examination of the pancreatic tail mass revealed a well-differentiated neuroendocrine tumor (Figure 2A). The primary tumor was centered in the distal pancreas, perineural invasion was present, and 4 mitoses per 2 mm2 were identified. Metastatic tumor deposits were identified in two of fifteen regional lymph nodes and multiple metastatic liver foci were identified (Figure 2B). A Ki-67 immunostain was performed on the primary tumor, local lymph node metastasis, and liver metastasis (Figure 2C) and the proliferation index was determined to be 14%, 8.5%, and 11%, respectively, using digital image analysis. This met criteria for a Grade 2 (intermediate) tumor by 2019 WHO classification using both mitotic count and Ki-67 proliferation index. Immunohistochemistry on the primary tumor was positive for synaptophysin, chromogranin, pan keratin, and CK7. and negative for CK20, CD10 and progesterone receptor (PR). Somatostatin receptor subtype 2A (SSTR2A) immunostaining was positive (3+, 90%) (Figure 2D) and ATRX immunostain was intact. Initial testing of tumor was performed at an outside institution and additional pathology samples were not available for SDHB immunohistochemistry.




Figure 2 | (A) Hemotoxylin and eosin (H&E) staining of primary tumor. Cells are arranged in nests with finely stippled chromatin. The tumor cells expressed synaptophysin, chromogranin, and pankeratin (not shown) supporting the diagnosis of well-differentiated neuroendocrine tumor. (B) H&E stained section of metastatic tumor focus in the liver with similar morphology to the primary tumor. (C) Ki-67 immunostained section of the metastatic tumor focus in the liver. The proliferation index was found to be 11% in a similar hot spot by digital image analysis. (D) Somatostatin receptor subtype 2A (SSTR2A) immunostained section was positive (3+, 90%). (E) Tumor molecular profiling showing a variant in VHL (c.500G>A, p.R167Q) at a frequency of 66.3%). (F) Tumor molecular profiling showing a variant in SDHA (c.1054C>T, p.R352*) at a frequency of 50%). (G) Germline molecular profiling showing an identical variant in VHL (c.500G>A, p.R167Q). (H) Germline molecular profiling showing an identical variant in SDHA (c.1054C>T, p.R352*).



Molecular test performed on the tumor sample showed pathogenic variants in the VHL gene (c.500G>A, p.R167Q) (Figure 2E) involving 66% of tumor cells, and SDHA gene (c.1054C>T, p.R352*) (Figure 2F) involving 50% of tumor cells. Germline testing on peripheral blood sample showed identical pathogenic variants in VHL (c.500G>A, p.R167Q) (Figure 2G) and SDHA (c.1054C>T, p.R352*) genes (Figure 2H). Familial testing could not be performed due to patient’s adoptive status. A Positron Emission Tomography scan following the surgery was suggestive of multiple somatostatin receptor tracer uptake in the pancreatic head, duodenum, and the liver. She was initially treated with octreotide acetate and subsequently with Lantreotide.

The patient’s past medical history was significant for a right retinal hemangioma diagnosed at 18- years of age. Follow-up ophthalmological evaluation showed consistent exam without progression of disease. She was making good recovery from her initial diagnosis at the time of our review, and the pancreatic and hepatic lesions have remained stable. She was recommended studies per surveillance guidelines for her diagnosis of both VHL and SDHA-related paraganglioma and pheochromocytoma syndrome. She had normal brain, internal auditory canal, and spine magnetic resonance imaging studies without evidence of any VHL-associated lesions. There is limited prenatal, birth, and postnatal history available as she was adopted during infancy, and presented with early onset global developmental delay,undergoing interventional therapies during childhood. She was diagnosed with autism spectrum disorder and depression. To rule out underlying genetic etiology of global developmental delay, we performed chromosomal microarray and Fragile-X syndrome analysis. Her chromosomal microarray was normal whereas Fragile- X syndrome analysis incidentally revealed a premutation carrier status with 30 and 57 CGG repeats in the FMR1 gene. The patient and her family were provided comprehensive genetic counseling about these results.



Discussion

Von Hippel-Lindau (VHL) is an autosomal dominant hereditary tumor predisposition syndrome caused due to a germline pathogenic variant in the VHL gene (4). VHL syndrome predisposes an individual to various tumors such as cerebellar and spinal hemangioblastomas, retinal angiomas, renal cell carcinoma, and pheochromocytoma (1, 5). Other tumors such as pancreatic neoplasms, pituitary hemangioblastomas, and duodenal carcinoid tumors have also been rarely reported. The disorder has a high disease penetrance that is estimated to be about 97% by the age of 60 years (6). Patients with VHL syndrome have a shortened life expectancy secondary to complications related to cerebellar hemangioblastoma, renal cell carcinoma, and pancreatic neoplasms (1). Although VHL-associated tumors usually manifest at a younger age compared to sporadic tumors (6), they appear to be more responsive to chemotherapeutics (7), and less aggressive with respect to their local recurrence and metastatic involvement (8). Present surveillance guidelines recommend age-based screening with dilated eye examination, plasma metanephrines, MRI of brain, spine, abdomen, and internal auditory canal.

Collectively, hereditary paraganglioma-pheochromocytoma (PGL/PCC) syndromes are rare neuroendocrine tumors with an estimated incidence of approximately 2-8 cases per million per year (9). Approximately 40% of all cases of PGL/PCC are associated with germline pathogenic variants (2, 10, 11) in the pseudo-hypoxic signaling pathway (cluster I), kinase signaling (cluster II), or Wingless and Int-1 (Wnt) signaling group (cluster III) (Figure 3) (12). Pathogenic variants in the SDHx genes (SDHA, SDHB, SDHC, and SDHD) are classified under the cluster I genes which results in dysfunction of succinate dehydrogenase (SDH) leading to competitive inhibition of the enzyme, prolyl hydroxylase, involved in the degradation of hypoxia-inducible factor 1- α (HIF1- α) (2, 13, 14). SDHx-related PGL/PCC are relatively new tumor predisposition syndromes that include PGL and PCC, and rarely renal cell carcinoma, pituitary adenoma, gastrointestinal stromal tumors, and pancreatic neuroendocrine tumor (PNET) (15). Patients with PGL/PCC can manifest tumor at any age, although a majority would present between the third and fifth decade of life (16) with symptoms of excess catecholamine production, including hypertension, headache, diaphoresis, palpitations, and tremors. SDHA pathogenic germline variants are present in up to 30% of wild-type gastrointestinal stromal tumors and 10% of patients with PGL and PCC (Boikos et al, 2016). A recent study identified only 10 patients harboring a pathogenic germline SDHA variant in 4,974 pediatric and adult patients with a variety of solid tumors (17). Out of these 10 patients with underlying SDHA pathogenic variant, 2 had gastrointestinal stromal tumor, and the remaining had melanoma, neuroblastoma, breast, colon, renal, prostate, endometrial, and bladder cancer.





Figure 3 | Cellular pathways and genes involved in hereditary paraganglioma-pheochromocytoma (PGL/PCC) syndrome and Von Hippel Lindau (VHL) disease. Approximately 40% of all cases of PGL/PCC cases are associated with germline pathogenic variants in the pseudo-hypoxic signaling pathway (Cluster I), kinase signaling (Cluster II), or Wingless and Int-1 (Wnt) signaling (Cluster III). Pathogenic variants in the SDHx genes (SDHA, SDHB, SDHC, and SDHD) and VHL gene are classified under the Cluster I genes. The SDH complex plays an important role in energy metabolism through the tricarboxylic acid (TCA) cycle. Both VHL and SDHx encode for proteins that target the protein HIF1-α for degradation. Pathogenic loss of function variants in VHL and SDHx genes leads to abnormal accumulation of HIF1-α and upregulation of downstream pathways, which results in increased expression of various proteins and augmentation of the Warburg effect. These negative effects may be mitigated by novel therapies such as HIF2-α inhibitors (e.g Belzutifan).



In contrast to SDHB which is a highly penetrant tumor predisposition gene, SDHA confers a much lower penetrance and severity, estimates of which are largely unknown (18, 19). Present surveillance guidelines for SDHx-associated PGL/PCC recommend plasma metanephrines, whole body and dedicated neck MRI, and complete blood count starting from age 6-8 years (19). Our patient represents the first case of a metastatic PNET in the setting of germline heterozygous pathogenic variants in the VHL and SDHA genes. PNETs are clinically heterogenous tumors originating from neuroendocrine cells of the pancreatic islets and usually follow a variable clinical course, with a low five-year survival rate in approximately 60% of patients (20). PNET occur in approximately 9 to 17% of patients with VHL disease (8) but have only been reported in one individual with a germline SDHD pathogenic variant (15). Since PNETs are seen in VHL and not observed so far in SDHA-related PGL/PCC syndrome, we postulate that the underlying genetic etiology would be the pathogenic variant with a second hit in the VHL gene. Although a second pathogenic variant was not reported by the tumor molecular testing, it is possible that the second hit could not be detected due to limitation of the tumor-based molecular analyses. These include possibility of somatic second hit being present in the promoter or deep enhancer region, or promoter methylation (21). Loss of heterozygosity (LOH) analysis could not be performedin the patient’s tumor type, as the laboratory only performs LOH analysis in ovarian tumors

Multi-locus inherited neoplasia allele syndrome (MINAS) is a relatively new entity that was initially reported in BRCA1/BRCA2-related cancers (21). With increasing adoption of next generation sequencing technologies for cancer susceptibility germline (CSG) testing, there has been a rise in reports of non-BRCA1/BRCA2 related MINAS. A recent study by McGuigan et al. reported that atypical tumor phenotypes comprised of about 15% of non-BRCA1/BRCA2 MINAS cases, which could be secondary to complex interactions between the relevant CSGs (21).

Interestingly, on a molecular level, both VHL and SDHA encode for proteins that target the protein HIF-α for degradation (22). Absence of these proteins would lead to abnormal accumulation and upregulation of HIF, resulting in increased expression of various proteins (e.g vascular endothelial growth factor, platelet-derived growth factor, matrix metalloproteinases and transforming growth factor-alpha), and augmentation of the Warburg effect by HIF-α. The Warburg effect relates to the phenomenon seen in tumor cells that effectively promotes growth and development. Even in normoxia, there is a metabolic shift in which tumor cells preferentially use glycolysis to generate adenosine triphosphate rather than the tricarboxylic acid (TCA) cycle (14). The SDH complex plays an important role in energy metabolism through the TCA cycle, and the reduction of ubiquinone to ubiquinol via the electron transport chain. Therefore, pathogenic variants in the genes involved in the SDH complex could result in accumulation of the ‘oncometabolite’ succinate, leading to disruption of the succinate to fumarate ratio that would inhibit the enzymatic degradation of HIF-α. Accumulation of succinate may also destabilize the redox state and cause mitochondrial dysfunction by increasing reactive oxygen species production and utilizing glutamine as an energy source (14). Epigenetic dysregulation has also been implicated in the malignant potential of SDHx-mutated PGL/PCC (3) and may be a contributing factor in the metastatic presentation of our patient’s PNET at diagnosis. As both these genes converge on the pseudo-hypoxia signaling pathway, we hypothesize that the co-occurrence of germline pathogenic variants in both the VHL and SDHA genes could have an impact on the long-term prognosis. Although our hypothesis is limited by the lack of functional studies and a single case report, further studies looking at this genotype-phenotype correlation in similar cases will be helpful. Co-occurrence of two germline variants in VHL and SDHA in our patient also creates an opportunity for the use of novel therapeutics based on the convergence of these two genes within the pseudo-hypoxia signaling pathway. Recently approved selective HIF inhibitors could be one of the therapeutic considerations in our patient as it has been shown to be effective in patients with renal cell carcinoma due to an underlying germline VHL pathogenic variant (23). HIF-2α overexpression is documented in VHL disease associated renal cell carcinoma (24). Preclinical studies indicated the potential efficacy of HIF-2α subunit inhibitors, which blocks the HIF pathway proximally and limits tumor growth in clear cell renal cell carcinoma (25, 26). Subsequent clinical trials documented the benefits and safety of HIF-2α inhibitors (e.g belzutifan) in both sporadic (27) and VHL-disease associated renal cell carcinoma (23). Belzutifan was also efficacious in reducing tumor size of non-renal cell carcinomas in VHL patients, including pancreatic neuroendocrine tumors, central nervous system hemangioblastomas and retinal hemangioblastomas (23). The U.S Food & Drug Administration (FDA) approved Belzutifan for renal cell carcinoma and non-renal cell neoplasms associated with VHL disease in August 2021 and remains a promising therapy for our patient who presented with both metastatic pancreatic neuroendocrine tumor as well as retinal hemangioma.



Conclusion

The co-occurrence of VHL and SDHA pathogenic variants implicated in PNET is described in this case report. It opens the way for additional exploratory studies to determine the significance of co-occurrence of these variants in terms of tumor penetrance, severity, and outcomes, as well as for the development of novel therapeutic approaches targeting the shared cellular pathway involved in VHL and SDHA-related etiopathogenesis.
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Although BRCA1/2 genetic testing in developed countries is part of the reality for high-risk patients for hereditary breast and ovarian cancer (HBOC), the same is not true for upper-middle-income countries. For that reason, this study aimed to evaluate whether the BRCA1/2 genetic test and preventive strategies for women at high risk for HBOC are cost-effective compared to not performing these strategies in an upper-middle-income country. Adopting a payer perspective, a Markov model with a time horizon of 70 years was built to delineate the health states for a cohort of healthy women aged 30 years that fulfilled the BRCA1/2 testing criteria according to the guidelines. Transition probabilities were calculated based on real-world data of women tested for BRCA1/2 germline mutations in a cancer reference hospital from 2011 to 2020. We analyzed 275 BRCA mutated index cases and 356 BRCA mutation carriers that were first- or second-degree relatives of the patients. Costs were based on the Brazilian public health system reimbursement values. Health state utilities were retrieved from literature. The BRCA1/2 genetic test and preventive strategies result in more quality-adjusted life years (QALYs) and costs with an incremental cost-effectiveness ratio of R$ 11,900.31 (U$ 5,504.31)/QALY. This result can represent a strong argument in favor of implementing genetic testing strategies for high-risk women even in countries with upper-middle income, considering not only the cancer prevention possibilities associated with the genetic testing but also its cost-effectiveness to the health system. These strategies are cost-effective, considering a willingness-to-pay threshold of R$ 25,000 (U$ 11,563.37)/QALY, indicating that the government should consider offering them for women at high risk for HBOC. The results were robust in deterministic and probabilistic sensitivity analyses.
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Introduction

Breast cancer is the most common cancer worldwide and the leading cause of cancer death among women, with globally more than 2.6 million new cases and almost 700,000 deaths annually (1). Despite being less frequent (about 300,000 new cases annually), ovarian cancer has a high lethality rate, with almost seven deaths for every 10 new cases diagnosed (1).

Individuals with hereditary cancer have a higher risk of developing cancer during their lifetime when compared to the general population. Although many high and moderate cancer genes have been discovered and associated with hereditary breast and ovarian cancer (HBOC) in the last years, BRCA1 and BRCA2 still account for most cases (2–4). Pathogenic germline variants in these genes confer a high risk for developing breast and/or ovarian cancer that can reach 72% and 44% for BRCA1 mutation carriers and 69% (for breast cancer) and 17% (for ovarian cancer) for those with BRCA2 pathogenic alterations (5–7).

Women with personal and/or family history suggestive of HBOC should be referred for genetic counselling and genetic testing to investigate for the presence of pathogenic germline variants (8). Besides, the realization of genetic testing makes it possible to offer it to asymptomatic relatives of the index patient in a predictive context. In this context, the preventive medicine is brought into evidence, once for women who tested positive can be recommended to attend to intensified surveillance for early-detection tumors or risk reduction surgeries, such as risk-reducing bilateral mastectomy (RRBM) and/or risk-reducing salpingo-oophorectomy (RRSO) (2, 9–12). In addition, for relatives not carriers of the pathogenic variant segregating in the family, standard care can be offered (8), once they are not at increased risk of breast or ovarian cancer (13–16).

Several studies on the cost-effectiveness analysis of genetic testing have been performed worldwide. Although previous economic modeling studies indicate that it is cost-effective to provide population-based genetic tests (17–19), the Brazilian Universal Health Coverage System (SUS) does not provide BRCA genetic tests to high-risk women for HBOC. Since 71.5% of the Brazilian population relies exclusively on the SUS (20), most Brazilian women do not have access to the personalized measures for prevention and early diagnosis, as recommended by international guidelines. Thus, this study aimed to evaluate whether offering BRCA1/2 genetic testing followed by preventive strategies for women at high risk for HBOC is cost-effective when compared to no genetic testing (i.e., and no preventive strategies) in the context of the public health system of an upper middle-income country with continental dimensions as Brazil.



Methods

We developed a Markov model to assess whether BRCA1/2 testing and preventive strategies for healthy women at high risk for HBOC are cost-effective compared to standard care (no testing and no preventive strategies). Using the TreeAge Pro, the model estimates the costs and benefits, and the latter is expressed as quality-adjusted life years (QALYs) and life years gained (LYG), highly used in cost-effectiveness studies. To reflect the long-term consequences of breast and ovarian cancer, the model had a 1-year cycle length and time horizon of 70 years (lifetime). The analysis was conducted from the perspective of the SUS as the payer. In line with recommendations from the Brazilian guideline for economic evaluations, costs and effects were discounted at 5% (21).

Considering that HBOC women started annual mammography at 30 years (8) and the low incidence of breast and ovarian cancer at younger ages (22), the target population was a cohort of 30-year-old Brazilian women without a history of breast or ovarian cancer but with first or second-degree relatives who have BRCA-related cancer and that fulfilled the National Comprehensive Cancer Network (NCCN) clinical criteria for BRCA testing (8).


Strategies for the Comparison

The compared strategies consisted of carrying out the genetic counselling and BRCA1/2 genetic testing followed by different surgical/non-surgical preventive options, compared to not performing genetic testing and carrying out these preventive/risk reduction measures. For this model, we considered the clinical criteria for offering genetic testing (and preventive options for carriers) recommended by the National Comprehensive Cancer Network (NCCN) guideline (8). Women identified as BRCA1/2 mutation carriers were offered four alternatives based on clinical/genetic criteria and personal choice: (i) intensified surveillance with MRI and bilateral mammography annually and breast specialist consultation, CA 125 exam, and transvaginal ultrasonography biannually; (ii) salpingo-oophorectomy; (iii) bilateral mastectomy; or (iv) both salpingo-oophorectomy and bilateral mastectomy (2, 8–11). Women who tested negative and women in the control group (women who did not have genetic counselling and BRCA testing) were treated in consonance with the SUS standard care according to their age (e.g., bilateral mammography and medical consultation annually for HBOC women aged 30 years). Figure 1 presents the compared strategies and the preventive options for high-risk women.




Figure 1 | Decision model presenting compared strategies and high-risk reduction options.





Model Overview

The Markov model structure comprises the states “well,” “non-metastatic breast cancer,” “metastatic breast cancer,” “ovarian cancer,” “post breast cancer,” “post ovarian cancer,” and “death” (absorbing state) (Figure 2).




Figure 2 | Markov diagram.



Women in the model started in the state well and could go to the states breast or ovarian cancer or die. From breast cancer, they could either stay there, go to post breast cancer, or develop metastatic breast cancer, or ovarian cancer. Women with contralateral breast cancer returned to the initial breast cancer state. The transition from ovarian to breast cancer was not included due to the low incidence of ovarian cancer and its high mortality rates (1).

These states reflect possible clinical events for high-risk women for HBOC. The well state comprises women not diagnosed with cancer; the non-metastatic breast cancer state includes women in the first year after the diagnosis of first or contralateral breast cancer. The metastatic breast cancer state comprehends the first year of diagnosis of disseminated neoplastic cells in an organ distinct from the breast. Likewise, the ovarian cancer state includes women in the first year of diagnosis. Post-cancer states were modeled using tunnel states to reflect annual follow-up costs, utilities, and probabilities after cancer diagnosis until year 5. From the sixth year on, the patients stay in the post-cancer state unless other events occur. The ovarian cancer state was not separated between non-metastatic and metastatic due to its high risk of mortality which is caused by the difficulty to obtain an early detection of the disease (23).



Probabilities

Transition probabilities were obtained mainly from the Barretos Cancer Hospital (BCH) dataset (Table 1). The BCH is a Brazilian philanthropic health institution specialized in cancer care, from prevention to treatment. It is a cancer center (non-profit foundation) that offers services through the Brazilian SUS. However, it differs from other public hospitals because it can receive donations from society, auctions, or organizations. Currently, the BRCA genetic test is not offered by hospitals operating in the Brazilian public health system, but the BCH can provide the test for its patients due to funds from donations obtained (36).


Table 1 | Input data on annual probabilities and utilities and their sources.



The probabilities that could not be retrieved from the BCH dataset were taken preferably from sources that reflected the Brazilian population, e.g., the National Cancer Institute of Brazil (INCA), Brazilian Geography and Statistics Institute (IBGE), and the WHO. The specific references are provided in Table 1.

In the BHC dataset, data were available for 2,307 women who performed BRCA1/2 genetic testing from 2011 to 2020. There were 1,544 index cases (i.e., the first member of the family to be tested)— among which there were 275 carriers and 1,269 non-carriers—and 763 first- or second-degree relatives (i.e., 356 carriers and 407 non-carriers). Using Kaplan–Meier in the SPSS software, the transition probabilities were calculated. We defined a different group eligible at baseline for each of the transition probabilities calculated to avoid selection bias regarding a previous cancer diagnosis. Briefly, we considered data from first- or second-degree relatives identified to be carriers to calculate the probability of opting for a prophylactic surgery and the respective risk of developing breast or ovarian cancer afterward. Then, we considered data from index cases to calculate transition probabilities for BRCA carriers from the state “well” to “cancer” only for those not submitted to prophylactic surgeries.

As BCH is a reference cancer center for women at high risk, women who tested negative were not followed up at BCH but referred back to the system for general population screening according to their ages, considering that women who tested negative have been shown to have the same risk as the general population (13–16). Thus, the incidence of cancer and mortality for women tested negative were taken from Brazilian registries (26, 27).

Because data on the probability of BC recurrence among BRCA non-carriers in Brazil are not available, we used the cumulative 10-year risk of secondary contralateral breast cancer for German non-carriers (29). The data choice was based on similarities in definitions of health states (37).



Utility Data

Utility data were extracted from published studies from a systematic literature search in the PubMed database (Supplementary Table 1). When possible, studies reporting utility values for the Brazilian population were preferred. Due to methodological heterogeneity among the studies reporting utilities (37), we used relative utility values applying decrements to the baseline (“well”) state (30).

In our study, due to the distress of knowing to have a mutation and distress caused by undergoing risk-reducing surgery, utilities decreased for high-risk women (31), risk-reducing surgeries, and breast or ovarian cancer (9). All women that entered the model were considered high-risk for HBOC. Thus, if they have a negative test result, it was assumed that their utility increases to the utility of healthy women, obtained from Sullivan et al. (2005).

The decrements in utilities for high-risk women for HBOC were based on EQ-5D values of women in Croatia (31). Utilities for the prophylactic surgeries were obtained from Grann et al. (2010), in which a time trade-off instrument (TTO) was applied to BRCA-mutated Canadian women. Decreased utilities following prophylactic mastectomy and prophylactic salpingo-oophorectomy were assumed to increase linearly within 5 years to regain the age-specific utility of a high-risk woman, as suggested by other modeling studies (22, 32).

Utilities for breast cancer and post-breast cancer were based on the EQ-5D values from a prospective cohort of Brazilian women newly diagnosed with breast cancer and treatment naïve 32. The utilities for metastatic breast cancer were extracted from a meta-regression of studies using a Standard Gamble approach (34).

Weighted average utilities for ovarian cancer and post-ovarian cancer were obtained from (35), in which utilities were measured in populations from different countries using the Standard Gamble approach. Following assumptions of other modeling studies (22, 32), it was assumed that women’s utility declines as a result of breast or ovarian cancer and then increases linearly for 5 years to reach the age-specific utility of a post-cancer state. Table 1 presents all input data regarding probabilities and utilities and their sources.



Cost Data

Adopting the perspective of the SUS, direct medical annual costs were calculated for each Markov model health state. Cost data were expressed in Brazilian currency (Reais). The unit cost values for 2021 were obtained from the official SUS database, namely, the Table of Procedures, Medications and Ortheses, Prostheses, and Special Materials for the National Health System (DATASUS Tabnet). Resource use (e.g., diagnostic exam and clinical procedures) was estimated based on recommendations from the NCCN guidelines and interviews with one oncologist and one gynecologist. The cost of breast cancer treatment was calculated as a weighted average that considered cancer molecular type and stage at BCH cohort, indicating a higher proportion of breast cancer diagnosis in the early stage for first- or second-degree relative women than index women (Supplementary Table 2).

Considering that the cost of treatment is potentially lower for breast cancer diagnosed at early stages, the annual mean cost was calculated for these two subgroups from the BCH dataset: (i) index women, that is, BRCA-mutated women who had breast cancer before the genetic test, and (ii) first- or second-degree relative women, that is, the BRCA-mutated women who had cancer after the test.

The cost of the genetic test refers to the price paid by the BCH (Table 2) and was obtained from the Laboratory of Molecular Diagnostics from BCH, considering reagents and personal and taking into consideration the costs of performing BRCA1/BRCA2 analysis by next-generation sequencing (NGS) complemented by rearrangement analysis by multiplex length polymorphism analysis (MLPA). Besides, the genetic test cost was calculated as the mean cost of one index and two relative women tested. The costs of intensive screening included the provision of magnetic resonance and bilateral mammography once a year, breast specialist consultation, CA 125 exam, and transvaginal ultrasound twice per year. The costs concerning standard care were related to bilateral mammography and breast specialist consultation once a year. Table 2 summarizes the cost input data used in the sensitivity analysis. To facilitate comparisons with costs from other countries, conversion of the results presented in Brazilian real (R$) to United States dollar ($) was performed by using a web-based tool (CCEMG—EPPI-Centre Cost Converter). This tool considers the Gross Domestic Product deflator index and the Purchasing Power Parities for GDP (“PPP values”) to convert currencies.


Table 2 | Costsa of breast and ovarian cancer (R$ and US$).





Model Validation and Sensitivity Analyses

To validate the model, we consulted experts on the adequacy of input data and the conceptual appropriateness of the model. Technical accuracy was checked regarding data entry and potential programming errors (computerized model validation). For cross-model validation, we assessed the extent to which other models for breast cancer prevention came to different conclusions (38). We performed deterministic sensitivity analyses by varying probabilities and utilities considering uncertainty within the respective ranges or confidence limits to characterize overall uncertainty in the outcome measures. To obtain a comprehensive range, the costs were varied within the 40% range, as suggested by (32). Besides, a probabilistic sensitivity analysis with Monte Carlo simulation (10,000 interactions) was conducted. Gamma distributions were used for cost parameters. Probabilities and utilities were considered to be beta-distributed.




Results


Base-Case Analysis

The genetic counseling and BRCA testing strategy cost R$ 5,298 (U$ 2,450.51) in the base-case scenario, resulting in an incremental cost of R$ 1,796 (U$ 830.71) compared with the non-testing strategy. Accordingly, women offered the genetic test had an incremental gain of 0.2 QALYs and 0.2 LYG. The incremental cost-effectiveness ratio (ICER) for the base-case analysis was R$ 11,900.31 (U$ 5,504.31) per QALY and 10,988.67 (U$ 5082.64) per LYG.

In the Brazilian scenario, an exact value of the cost-effectiveness threshold to be applied by the National Commission for the Incorporation of Technologies (CONITEC) in the SUS was not defined (39). However, based on values of thresholds presented in CONITEC recommendation reports, the study by (40) suggested a three-level threshold: low (<R$ 25,000), medium (R$ 25,000 to R$ 70,000), and high (>R$ 70,000). Therefore, to be more conservative, the present study considered a willingness to pay of R$ 25,000. Base-case results are described in Table 3 and Supplementary Figure 1.


Table 3 | Base case results.





Sensitivity Analyses

In the deterministic sensitivity analysis, the variables with the largest impact on the ICER were the discount rate, probability of moving from well to breast cancer after both risk-reducing surgeries, cost of the genetic test, probability from well to breast cancer after salpingo-oophorectomy, and breast cancer treatment costs. A discount rate of zero would reduce the ICER to R$ 3,336.10/QALY (U$ 1,543.06/QALY), and a discount rate of 10% would increase the ICER to R$ 31,617.71/QALY (U$ 14,624.29/QALY). In a scenario where the probability of moving from well to breast cancer after both risk-reducing surgeries is higher (0.08), the ICER increases to R$ 36,362.66/QALY (U$ 16,818.99/QALY). Moreover, in the scenario that only one first- or second-degree relative woman could be tested per index woman tested instead of two, the costs of a genetic test would increase to R$ 2,035.00 (U$941.26/QALY), increasing the ICER to R$ 17,862.54/QALY (U$ 8262.04/QALY), whereas, if the costs of a genetic test per woman decreased to R$ 685 (U$ 316.84) due to testing four relatives per index woman, the ICER would decrease to R$ 8,919.19/QALY (U$ 4125.43/QALY).

The cost-effectiveness ratio was also sensitive to the probability of moving from well to ovarian cancer after salpingo-oophorectomy; if this probability was higher (0.03), the ICER would increase to R$ 16,766.88, while if it was smaller (0.004), the ICER would decrease to R$ 10,179.45. Regarding the breast cancer treatment cost for non-tested women, assuming a 40% higher cost of breast cancer treatment for the non-testing group, the ICER would decrease to R$ 10,630.77/QALY (U$ 4,917.10/QALY). However, if the breast cancer treatment for this group was 40% lower, the ICER would increase to R$ 17,813.11/QALY (U$ 8,239.18/QALY).

The tornado diagram indicates that for almost all intervals considered in the analysis, the testing strategy is considered cost-effective when compared to the no testing strategy (Figure 3), considering a willingness to pay R$ 25,000 (U$ 11,563.37) per QALY (Supplementary Table 3).




Figure 3 | Deterministic sensitivity analyses.



Figure 4 presents the incremental cost-effectiveness plane from the probabilistic sensitivity analyses.




Figure 4 | Incremental cost-effectiveness plane from the probabilistic sensitivity analyses (PSA) (10,000 interactions).



The cost-effectiveness acceptability curve showed a probability of genetic testing being cost-effective of 68.03% at a willingness to pay (WTP) of R$ 25,000/QALY (U$ 11,563.37/QALY) (Figure 5). Besides, it becomes cost-effective at a minimum threshold of R$ 7,500/QALY (U$ 3,469.01/QALY). Supplementary Figure 2 presents the incremental net monetary benefit (INMB) versus willingness to pay analysis.




Figure 5 | Cost-effectiveness acceptability curve for genetic testing strategy provided to Brazilian women.



While perceived by the upper-middle-income countries’ government as a potentially highly costly intervention, as our results show, carrying out the genetic counseling, BRCA1/2 genetic tests, and preventive options in women at high risk for HBOC is a very cost-effective intervention compared to not carrying out these actions when considering a willingness to pay of R$ 25,000/QALY. The ICER for the base-case analysis was R$ 11,900.31 (U$ 5,504.31). The sensitivity analysis also revealed a superiority of the testing strategy. The tornado diagram points out that genetic testing is cost-effective for all scenarios. The probabilistic sensitivity analysis indicates a probability of genetic testing being cost-effective of 68.03%.

The main novelty of our results is that this is the first study for upper-middle-income countries on BRCA genetic tests whose probabilities were mainly extracted from trial-based analysis with Brazilian registries (i.e., penetrance of BRCA, rates of uptake prophylactic procedures, breast or ovarian cancer development, etc.). It shows that genetic testing can be cost-effective even in upper-middle-income countries. The use of patients’ clinical data increases the representativeness of the results of our analysis for Brazilian women. This real-world evidence provides a more accurate representation of the target population for several reasons. First, the penetrance of BRCA is highly associated with the genetic profile of the population, and the Latin-American population is underrepresented in most international registries and databases. Second, rates of uptake prophylactic procedures vary widely worldwide since these are highly preference-sensitive decisions influenced by sociocultural factors. Therefore, our results add to the existing literature by demonstrating the cost-effectiveness of BRCA in a model that accurately reflects the epidemiology and the preferences of Latin-American women (from Brazil) at-risk for hereditary breast cancer.

Previous Markov model studies evaluated the cost-effectiveness of genetic BRCA testing for breast or ovarian cancer in high-risk women compared to no test in Brazil (17, 22, 41). All of them concluded that BRCA testing seems to be the cost-effective strategy with ICERs of R$ 24.264/QALY (22), R$ 908,52 per case of cancer avoided (41), and $ 20,995/QALY (17).

The Brazilian study by Simoes Correa-Galendi et al. (2021) had a similar structure. However, the data were extracted exclusively from the literature. For instance, the uptake rates taken from a UK cohort were 0.09 for prophylactic mastectomy and 0.22 for prophylactic salpingo-oophorectomy. In contrast, the uptake rates identified in our study were 0.03 and 0.12, respectively. These data demonstrate huge differences when considering real-world data from the Brazilian population. According to a recent systematic review by (42), the variability of uptake rates of the risk-reducing surgeries might be explained by several factors, such as (i) cultural differences, (ii) individual-related factors, (iii) age-dependent factors, and (iv) an improved acceptance of preventive surgeries over time. Besides these reasons, it is worth mentioning that economic factors might have also influenced the Brazilian uptake rates identified in our study, for instance, the lack of access to risk-reducing surgeries in the public setting and patients’ expenses with transport, accommodation, and absence from work, once the services that provide these surgeries are usually in cancer reference hospitals or large capitals.

Ramos et al. (2019) evaluated the preventive strategies only for the relatives of patients diagnosed with ovarian cancer, while the present study analyzed preventive strategies for first- or second-degree relatives of patients diagnosed with breast or ovarian cancer. Finally, the study by (17) differs from the present research because they evaluate the population-based BRCA testing, which possibly is why the ICER is higher.

The clinical data used in the present study indicate a probability of 82% to receive a negative BRCA genetic test. Considering that breast or ovarian cancer risk among non-carrier women from positive families is similar to the general population (13–16), it is important to note that there is still an around 50% probability that the relative will get a negative test and no longer be considered at high risk.

In this context, the benefit that a negative test can bring to patients is not trivial and should be considered in economic modeling studies (43). Our study considers that by obtaining a negative result, the unaffected patient (from a BRCA-mutated family) stops having the utility of a patient at high risk for HBOC and starts obtaining the utility of a woman without high risk at her age due to the reduction in their level of distress (44). This increase in utility occurs as the woman may no longer be excessively concerned with intensified surveillance and breast and/or ovarian cancer (31, 45). A small utility increase due to the relief of receiving a negative test result was also assumed by a previous modeling study (46). However, while Holland et al. justified this increase in utility due to an assumption, in the present study, this analysis is supported by recent evidence from (31).

Of note, our present study provided a conservative analysis considering that only two female relatives are tested for each index. The cost of testing an index patient in Brazil is around R$ 1,800 (U$ 832—including labor, reagents, and rearrangement analysis), while the cost of testing a relative of the patient is R$ 235 (U$ 108). Thus, the average unit cost of testing a family member is calculated at R$ 1135 (U$ 525). However, if we consider that it is possible to test a higher number of family members for each index tested, the unit cost of testing a family member would be reduced, making the genetic testing strategy even more cost-effective, as its ICER would be reduced.

The main strength of the present study was to conduct a trial-based analysis to obtain transition probabilities from the data of women tested from 2011 to 2020 in a Brazilian hospital. Another advantage was the cost data analysis. The unit cost values were obtained from the official Brazilian Health System database. Concerning breast cancer treatment, the costs were calculated separately for molecular types (triple-negative, Luminal A, Luminal B, and Her2+) and stages (47, 48) to reflect a realistic scenario of the resource use. In consonance with growing evidence (17, 32, 49), the present study also highlights the genetic testing contribution to earlier cancer detection. For instance, our cohort showed a high rate of stage III/IV in the index patients (52.08%), and a tendency of earlier diagnosis (stages I/II) in patients who performed genetic testing before a cancer diagnosis (58.67%). Besides, even though the uptake of risk-reducing surgeries was low in our cohort, these patients had access to intensified surveillance with breast magnetic resonance imaging (MRI) which might also contribute to earlier diagnosis.

Limitations might have affected the results. Although data from BCH were preferred, probabilities of events that happen with BRCA non-carriers had to be taken from the literature because those patients were not followed up at the BCH. In addition, because of the sample size of the BCH database, the transition probabilities calculated in the present study might not generalize to the entire Brazilian population. Another limitation of the model is the unknown risk of BRCA-negative women with a family history of cancer compared with cancer risks observed in the general population. It was considered that non-carriers of genetic mutations that came from positive families did not show an increased risk for HBOC (13–16) and, according to the NCCN guideline, should have a standard care (8). Lastly, because most data on utility specific to the Brazilian population are not available, we used studies from other countries that reported the most similar health-related quality of life; moreover, the available data on utility are not homogeneous. Nevertheless, the sensitivity analysis reveals that for all intervals considered, the testing strategy is considered cost-effective compared to the no testing strategy, considering a willingness to pay of R$ 25,000 per QALY.

Importantly, the present results can support policy development on the topic. Currently, genetic testing is not covered by the Universal Health Coverage in Brazil. The present study uses Brazilian women’s clinical data to support the argumentation that the Brazilian public health system should offer the BRCA genetic test for women with a family history that leads to increased risk for HBOC. Our results indicate that a comprehensive genetic test-and-screen strategy for high-risk Brazilian women results in a substantial gain of QALY at moderate additional costs. Although genetic testing followed by preventive surgeries appears to be the most economically advantageous option, women’s preferences should always be considered and drive the final treatment decision.




Conclusion

In this study, we showed that a screen-and-treat strategy for healthy women at risk for HBOC results in more QALYs and moderately more costs, with an ICER of R$ 11,900.31 (U$ 5,504.31) per QALY gained. The cost-effectiveness of the screen-and-treat intervention depends on a still undecided cost-effectiveness threshold for Brazil, but it would be cost-effective considering a willingness to pay of R$ 25,000 (U$ 11,563.37) per QALY. These results might be reproducible in other upper middle-income countries.
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Ribonuclease P/MRP Subunit P40 (RPP40), a component of ribonuclease P and multimeric ribonuclease P complex, was reported as one of the promoting factors for the chemoresistance of acute myeloid leukemia and a recurrence predictor of early-stage triple-negative breast cancer. However, the functional role of RPP40 in uterine corpus endometrial carcinoma (UCEC) is unclear. In this study, comprehensive bioinformatic analyses were conducted to explore the predictive role of RPP40 on UCEC diagnosis and prognosis, as well as the underlying mechanism. Differential analyses of multiple databases showed that both messenger RNA (mRNA) and the protein expression of RPP40 were significantly upregulated in UCEC tumor tissues. Furthermore, the RPP40 mRNA expression level was significantly correlated with the clinicopathological characteristics of UCEC patients, including the clinical stage, primary therapy outcome, histological type, histologic grade, overall survival event, disease-specific survival event, and progression-free interval event. Receiver operating characteristic (ROC) analysis showed that RPP40 was a reliable predictor for UCEC diagnosis with an area under the curve (AUC) of 0.775, a sensitivity of 0.829, and a specificity of 0.719. Kaplan–Meier, Cox regression, and nomogram analyses showed that high RPP40 expression was an independent prognostic factor for the 1-year, 3-year, and 5-year survival of UCEC patients. In addition, the enrichment analysis of RPP40-associated differentially expressed genes and correlation analyses showed that the expression of RPP40 was correlated with the regulation of extracellular matrix and immune cell infiltration. In conclusion, the upregulation of RPP40 is significantly correlated with the poor survival and tumor microenvironment of UCEC, suggesting that RPP40 is a promising biomarker of poor prognosis and a potential target of chemotherapy or immunotherapy in UCEC.
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Introduction

Uterine corpus endometrial carcinoma (UCEC) is the third most commonly diagnosed gynecological cancer and the seventh most common malignant tumor in women worldwide (1, 2). Over 60,000 new cases are expected next year in American women (3). Generally, early screening and therapies can significantly reduce the incidence, recurrence, and mortality of UCEC. Nevertheless, the patients in advanced stages usually respond poorly to conventional treatments, with a 5-year survival rate as low as 17% (4). In recent years, evolving medical drugs and technologies have slowed the decline in the long-term survival rate in UCEC patients. However, novel prognostic biomarkers and therapeutic targets for improving the survival rate of UCEC patients still need continuous exploration.

The tumor microenvironment (TME), composed of multiple cellular and molecular components, has been implicated in cancer cell survival, proliferation, invasion, and therapeutic response (5–7). Various members of TME, such as cancer-associated fibroblasts (CAFs), immune cells, extracellular matrix (ECM), cytokines, and chemokines, act together to regulate phenotypes, antitumor immunity, and the therapeutic response of malignant tumors (5–8). The metabolic and biologic changes of malignant cells driven by oncogenes can influence the TME to suppress antineoplastic immune responses and induce therapeutic resistance (7). Meanwhile, this also reveals a novel strategy for cancer therapy to remodel the TME by targeting hub oncogenes and related signaling pathways.

Ribonuclease P/MRP Subunit P40 (RPP40), a 40-KDa protein subunit of ribonuclease P (RNase P), was reported to enable RNase P RNA binding activity and then contribute to the generation of mature tRNA molecules (9–11). Moreover, RPP40 is also a component of the multimeric ribonuclease P (MRP) complex, which cleaves pre-rRNA sequences (12). At present, the molecular function of RPP40 remains unclear since there are few studies concerning it. As other components of RNase P or MRP, both RPP25 and RPP30 were reported as reliable prognostic risk factors for glioblastoma multiforme (11, 13) and also have been reported to promote the proliferation, migration, invasion, and cell cycle program of cervical cancer cells (14). Similarly, RPP40 was also regarded as one of the promoting factors for the chemoresistance of acute myeloid leukemia (15) and recurrence predictor of early-stage triple-negative breast cancer (16). Furthermore, the result of bioinformatics analysis in this study showed that RPP40 was one of the potential prognostic genes for UCEC (Supplementary File 1). Therefore, we speculated that RPP40 might be a potential prognostic biomarker or therapeutic target of UCEC and might be involved in its tumorigenesis or progression.

Based on the above speculation, we first analyzed the expression difference, survival prognosis, and possible molecular function of RPP40 in UCEC in this study. We found that both mRNA and protein expression were significantly upregulated in UCEC tumor tissues. Moreover, RPP40 was an effective diagnostic and prognostic predictor of UCEC. In addition, gene enrichment analysis revealed that RPP40 was involved in regulating the TME, especially ECM dysregulation and immune cell infiltration.



Materials and methods


TCGA database and data processing

Transcriptional expression data of 21 types of cancer and paired clinical data of UCEC were downloaded from the The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). RNA sequencing data were transformed from the format of fragments per kilobase per million (FPKM) to transcripts per million reads (TPM) for further analyses. This study did not require ethical approval since the research data we used was acquired from public online databases. Then, the mRNA expression differences between tumor tissues and normal tissues were determined in 21 types of cancer, including bladder urothelial carcinoma (BLCA), breast-invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), pancreatic adenocarcinoma (PAAD), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), and UCEC.



The University of Alabama at Birmingham cancer data analysis portal and clinical proteomic tumor analysis consortium

The University of Alabama at Birmingham Cancer data analysis Portal (UALCAN; http://ualcan.path.uab.edu/analysis-prot.html) is a public online database that provides protein expression analysis option using data from Clinical Proteomic Tumor Analysis Consortium (CPTAC) and the International Cancer Proteogenome Consortium (ICPC) datasets (17, 18). In this study, we compared the protein expression difference between primary UCEC tumor samples (n=100) and normal endometrial samples (n=31) using the data from CPTAC on ULCAN. The z-value represents standard deviations from the median across samples for UCEC. Log2 spectral count ratio values from CPTAC were first normalized within each sample profile and then normalized across samples.



The Human Protein Atlas

The Human Protein Atlas (HPA; https://www.proteinatlas.org/) is a public database that contains the protein expression data of human protein-coding genes (19, 20). The immunohistochemical staining pictures of normal and tumor tissues were publicly available in this database. In this study, we compared the protein expression of RPP40 between UCEC tumor tissue and normal endometrial tissue on HPA.



Study design, grouping, and sample size

The study flowchart is illustrated in Figure 1. In this study, 552 UCEC patients were divided into two groups, high- and low-RPP40-expression groups, according to the median value of RPP40 expression in UCEC tumor samples. There were 276 patients in each group. Then the patients were divided into subgroups for further analyses based on each clinicopathological characteristics. The sample size of each subgroup is shown in the Supplementary Table 1.




Figure 1 | Flow diagram of this study.





Correlation analysis for RPP40 expression and clinicopathological characteristics of uterine corpus endometrial carcinoma patients

The clinicopathological characteristics of UCEC patients between high- and low-RPP40-expression groups were compared using the Wilcoxon rank sum test (continuous variables) or Pearson’s chi-square test (rank variables). Secondly, the correlation research of RPP40 expression with clinicopathological characteristics was investigated via logistic analysis. Next, the expression differences of RPP40 among different subgroups of clinicopathological characteristics were compared by an independent t-test. A p-value <0.05 was regarded statistically significant.



Clinical significance evaluation of RPP40 expression in uterine corpus endometrial carcinoma

To evaluate the predictive value of RPP40 in UCEC diagnosis, receiver operating characteristic (ROC) analysis was conducted using an R package of “pROC” (21). Next, Kaplan–Meier (K-M), univariate, and multivariate Cox regression analyses were employed for prognosis analysis, including overall survival (OS), disease-specific survival (DSS), and progression-free interval (PFI). The R packages “rms” and “survival” were applied to construct nomograms and calibration plots. The R packages “forestplot” and “survival” were used for the clinicopathological subgroup study. All survival data in this study were acquired from the published research (22). All the above analyses were all accomplished with R (v3.6.3), and a p-value <0.05 was considered as the statistical threshold.



RPP40-related differentially expressed genes in uterine corpus endometrial carcinoma tumors

Differentially expressed genes (DEGs) between high- and low-RPP40-expression groups were screened out using R package “DESeq2” (23). Furthermore, The R package “ggplot2” was used to illustrate results as volcano plots and heatmaps. P<0.05 and |log2 Fold change|>1.0 were set as thresholds for DEGs with statistical significance.



Enrichment analysis of RPP40-associated DEGs in uterine corpus endometrial carcinoma tumors

The DEGs with significance were then processed for enrichment analysis on the Metascape database (http://metascape.org) (24), with the analysis thresholds of counts≥3, enrichment factors>1.5, and P-value<0.01. Furthermore, the R package “clusterProfiler” (25) was utilized for the gene set enrichment analysis (GSEA) (26) of the DEGs between two groups, as well as the Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses. The data set of “c2.cp.v7.2.symbols.gmt” from MSigDB collections were selected as reference gene sets in GSEA analysis. The number of analysis permutations was set to 1000, and False discovery rate (FDR)<0.25 and adjusted P-value<0.05 were set as analysis thresholds in GSEA.



Association of RPP40 and immune cell infiltration in uterine corpus endometrial carcinoma tumors

Firstly, a single-sample GSEA method from R package “GSVA” (27) was used to analyze the correlation between the RPP40 expression and infiltration of 24 common immune cell types (28), including dendritic cells (DCs), activated DCs (aDCs), B cells, CD8 T cells, cytotoxic cells, eosinophils, immature DCs (iDCs), macrophages, mast cells, neutrophils, natural killer (NK) cells, NK CD56bright cells, NK CD56dim cells, plasmacytoid DCs (pDCs), T cells, T helper cells, T central memory (Tcm), T effector memory (Tem), T follicular helper (TFH), T gamma delta (Tgd), Th1 cells, Th17 cells, Th2 cells, and Treg. Secondly, the immune cell infiltration levels between high- and low-RPP40-expression groups were compared by an independent-samples t-test. Furthermore, the association between the RPP40 expression and gene marker levels of immune cells in UCEC tumor tissues was determined via the Tumor IMmune Estimation Resource (TIMER) database (https://cistrome.shinyapps.io/timer/). A p-value <0.05 was regarded statistically significant in all above analyses.




Results


Expression profiles of RPP40 in pan-cancer perspective

To determine the mRNA expression pattern of RPP40 in different cancers, the mRNA expression data of RPP40 in the tumors and corresponding normal tissues of different cancer types based on the TCGA database were analyzed. As shown in Figure 2A, when compared with normal samples, the RPP40 mRNA expression of tumor samples were significantly upregulated in the tumor samples of 17 cancer types, including BLCA, BRCA, CESC, CHOL, COAD, ESCA, GBM, HNSC, KIRC, KIRP, LIHC, LUAD, LUSC, PRAD, READ, STAD, and UCEC according to the TCGA database. These results indicate that the mRNA expression of RPP40 is significantly upregulated in a variety of cancer types.




Figure 2 | Expression of Ribonuclease P/MRP Subunit P40 (RPP40) in pan-cancer perspective. (A) The comparison of RPP40 mRNA expression between tumor and normal tissues in different cancer types based on the TCGA database. (B) Paired analysis of the mRNA expression levels of RPP40 in 23 UCEC samples and matched normal samples from the TCGA database. (C) Unpaired analysis of the mRNA expression levels of RPP40 in 552 UCEC samples and 35 normal samples from the TCGA database. (D) The protein expression difference of RPP40 between UCEC tumor tissues and normal endometrial tissues based on CPTAC. (E, F) The immunohistochemical staining of RPP40 protein in normal endometrial sample (E) and UCEC tumor sample (F) based on Human Protein Atlas. ns, P≥0.05; *P < 0.05; **P < 0.01; ***P < 0.001.



Next, the mRNA expression characteristic of RPP40 in UCEC was further determined. As shown in Figure 2B, paired data analysis showed that the mRNA expression levels of RPP40 in UCEC tumor tissues were significantly upregulated than those in normal endometrial tissues (n=23) according to the TCGA database. Similarly, as shown in Figure 2C, the RPP40 mRNA expression levels of UCEC tumor tissues (n=552) were significantly increased than those of normal tissues (n=35) in unpaired data analysis. We also validated the mRNA expression of RPP40 in the GSE17025 dataset. As shown in Supplementary Figure 1, RPP40 mRNA expression levels in UCEC tumor tissues (n=91) were significantly upregulated than those in normal tissues (n=12). Furthermore, the protein expression of RPP40 in UCEC was analyzed on both UALCAN and HPA databases. As shown in Figure 2D, the protein expression of RPP40 in primary UCEC (CPTAC samples, n=100) was significantly higher than those in normal endometrial tissues (CPTAC samples, n=31). As same as the research result from CPTAC samples, immunohistochemical staining results from the HPA database also confirmed that the protein level of RPP40 was markedly upregulated in UCEC tumor tissues (Figures 2E, F). These results indicate that both the mRNA and protein expression of RPP40 are significantly upregulated in UCEC tumor tissues.



Association between RPP40 expression and clinicopathological characteristics in uterine corpus endometrial carcinoma patients

To evaluate the potential clinical significance of RPP40 in UCEC, 552 UCEC patients were divided into two groups, high- (n=276) and low- (n=276) RPP40-expression groups, based on the RPP40 mRNA expression levels in UCEC tumor tissues. Then, the clinicopathological characteristics of UCEC patients between different RPP40 expression levels were compared (Table 1). The results showed that the RPP40 mRNA expression level was significantly correlated with the clinical stage, primary therapy outcome, histological type, histologic grade, OS event, DSS event, and PFI event of UCEC patients. Moreover, logistics analysis was applied to further confirm the correlation between RPP40 expression and clinicopathological characteristics. As shown in Table 2, RPP40 expression was positively correlated with the clinical stage (OR=1.617, P=0.011), histological grade (OR=3.280, P<0.001), histological type (OR=3.166, P<0.001), and primary therapy outcome (OR=2.864, P=0.004). Moreover, we also investigated the expression differences of RPP40 among different subgroups of clinicopathological characteristics. The result showed that RPP40 expression was significantly increased in patients with clinical stages III–IV (Figure 3A), histological grade G3 (Figure 3B), the histological type of serous and mixed (Figure 3C), age over 60 years old (Figure 3D), the primary therapy outcome of PD&SD&PR (Figure 3E), and dead patients in the survival event of OS, DSS, and PFI (Figures 3F–H). At the same time, there were no significant differences in RPP40 expression between the two subgroups of BMI, residual tumor, tumor invasion, menopause status, hormone therapy, diabetes, radiation therapy, and surgical approach (Supplementary Figure 2).


Table 1 | Clinicopathological characteristics of uterine corpus endometrial carcinoma (UCEC) patients with differential RPP40 expression.




Table 2 | Logistic regression analysis of association between clinicopathological characteristics and RPP40 expression in UCEC patients.






Figure 3 | RPP40 expression is associated with clinicopathological characteristics in UCEC patients. The expression differences of RPP40 between distinct subgroups of UCEC patients are based on different clinicopathological characteristics, including clinical stage (A), histological grade (B), histological type (C), age (D), primary therapy outcome (E), OS event (F), DSS event (G), and PFI event (H).





Predictive values of RPP40 for the diagnosis and prognosis of UCEC patients

ROC curve analysis was conducted to further explore the clinical significance of RPP40 in UCEC patients. The result showed that RPP40 was a reliable predictive biomarker for the diagnosis of UCEC, with an area under the curve (AUC) of 0.775, a sensitivity of 0.829, and a specificity of 0.719 (Figure 4A). Furthermore, K-M analyses were conducted to evaluate the prognostic value of RPP40 in UCEC patients. As shown in Figures 4B–D, the OS (HR=2.42, P<0.001), DSS (HR=2.50, P=0.001), and PFI (HR=1.80, P=0.001) of the patients in high-RPP40-expression patients were all significantly shorter than those in low-RPP40-expression patients. Moreover, to further evaluate the prognostic value of RPP40 in UCEC patients, univariate and multivariate Cox regression analyses were accomplished in this study. As shown in Table 3, RPP40 expression was an independent risk factor for OS (HR=2.491, P=0.007), DSS (HR= 3.060, P=0.011) and PFI (HR=1.811, P=0.045) in multivariate Cox regression. Moreover, the clinical stage and primary therapy outcome also showed prognostic values for OS, DSS, and PFI, the residual tumor also showed a prognostic value for DSS, and the histological type also showed a prognostic value for PFI in multivariate Cox regression analyses.




Figure 4 | Predictive value of RPP40 expression for diagnosis and survival in UCEC patients. (A) ROC curve analysis was used to evaluate the performance of RPP40 for UCEC diagnosis. (B-D) K-M analyses were used to compare OS (B), DSS (C), and PFI (D) between high- and low-RPP40-expression groups of UCEC patients.




Table 3 | Cox regression analysis for clinical outcomes in UCEC patients.



Next, all the significant prognostic factors in multivariate Cox regression analyses were used for prognostic nomogram construction. Then, the corresponding calibration curves were drawn for further testing the efficiency of each nomogram. As shown in Figure 5, the clinical stage, primary therapy outcome, and RPP40 expression were used to predict 1-, 3-, and 5-year OS with a C-index of 0.779 (Figures 5A, B). The clinical stage, primary therapy outcome, residual tumor, and RPP40 expression were used to predict 1-, 3-, and 5-year DSS with a C-index of 0.871 (Figures 5C, D). The clinical stage, primary therapy outcome, histological type, and RPP40 expression were used to predict 1-, 3-, and 5-year PFI with a C-index of 0.728 (Figures 5E, F). The calibration curves showed a desirable prediction of OS and DSS nomograms for the 1-, 3-, and 5-year clinical outcomes, with a slightly overestimated mortality in patients with predicted mortality higher than 50% in the 3- and 5-year prediction of OS. These results indicated that RPP40 was a reliable prognostic biomarker for UCEC, especially in predicting OS and DSS.




Figure 5 | Construction and validation of nomograms in UCEC prognosis based on RPP40 expression. The nomograms were constructed to establish RPP40 expression-based risk scoring models for 1-, 3-, and 5-year OS (A), DSS (C), and PFI (E). Calibration plots were drawn to validate the efficiency of nomograms for OS (B), DSS (D), and PFI (F).





Prognostic values of RPP40 in uterine corpus endometrial carcinoma clinicopathological subgroups

To further confirm the prognostic value of RPP40 in UCEC, a subgroup study of each clinicopathological factor was conducted by Cox regression analysis, and the results of subgroup analyses were presented as forest plots. As shown in Figure 6A, the upregulation of RPP40 was a risk factor for OS in UCEC patients with clinical stage I–II (HR=1.920, P=0.044), clinical stage III–IV (HR=3.170, P<0.001), histological grade G3 (HR=1.720, P=0.025), histological type of endometrioid (HR=2.500, P=0.002), age below 60 years old (HR=7.760, P=0.001), age over 60 years old (HR=1.700, P=0.031), a BMI less than 30 kg/m2 (HR=2.270, P=0.015), a BMI over 30 kg/m2 (HR=2.190, P=0.011), postmenopause status (HR=2.180, P=0.001), the primary therapy outcome of CR (HR=2.790, P=0.001), residual tumor R0 (HR=2.060, P=0.012), tumor invasion less than 50% of the muscular layer (HR=3.720, P=0.005), or tumor invasion over 50% of the muscular layer (HR=2.080, P=0.011). Furthermore, as shown in Figure 6B, the upregulation of RPP40 was a risk factor for DSS in patients with clinical stage III–IV (HR=3.660, P<0.001), histological grade G3 (HR=1.960, P=0.018), a histological type of endometrioid (HR=2.270, P=0.034), age below 60 years old (HR=11.090, P=0.001), BMI less than 30 kg/m2 (HR=2.670, P=0.020), BMI over 30 kg/m2 (HR=2.160, P=0.038), postmenopause status (HR=2.240, P=0.004), the primary therapy outcome of CR (HR=4.350, P=0.001), residual tumor R0 (HR=2.400, P=0.025), or tumor invasion over 50% of the muscular layer (HR=2.800, P=0.004). Moreover, as shown in Figure 6C, the upregulation of RPP40 was also a risk factor for PFI in patients with clinical stage III–IV (HR=2.320, P=0.001), histological grade G3 (HR=1.650, P=0.017), a histological type of endometrioid (HR=1.640, P=0.033), age below 60 years old (HR=1.900, P=0.027), a BMI over 30 kg/m2 (HR=2.130, P=0.003), postmenopause status (HR=1.760, P=0.003), the primary therapy outcome of CR (HR=1.940, P=0.005), residual tumor R0 (HR=1.710, P=0.027), tumor invasion less than 50% of the muscular layer (HR=2.560, P=0.004), or tumor invasion over 50% of the muscular layer (HR=1.920, P=0.010).




Figure 6 | Prognostic performance of RPP40 on clinical outcomes in different subgroups of UCEC patients. Patients were divided into different subgroups according to clinical stage, histological grade, histological type, age, BMI, menopause status, primary therapy outcome, residual tumor, and tumor invasion. For each subgroup, the prognostic performance of RPP40 on OS (A), DSS (B), and PFI (C) were evaluated by Cox regression, and the results are presented as a hazard ratio. The bar represents the 95% confidence interval of the hazard ratio.



Next, K-M analyses for the OS, DSS, and PFI of clinicopathological subgroups were performed to compare clinical outcomes between high- and low-RPP40 groups. As shown in Figure 7 and Supplementary Figure 3, except DSS for tumor invasion less than 50% of the muscular layer subgroup, the RPP40 expression level exhibited a significantly prognostic value in different clinicopathological subgroups, including clinical stage III–IV, histological grade G3, the histological type of endometrioid, the primary therapy outcome of CR, residual tumor R0, tumor invasion over 50% of the muscular layer, tumor invasion less than 50% of the muscular layer, age below 60 years old, a BMI less than 30 kg/m2, and postmenopause status. These results indicated the prognostic value of RPP40 in UCEC was independent of the above clinicopathological factors, and the patients with low RPP40 expression possess significantly better clinical outcomes than those with high RPP40 expression.




Figure 7 | The association of clinical outcomes with RPP40 expression in UCEC patient form different subgroups based on clinicopathological factors. The result of K-M analysis showing distinct clinical outcomes of OS(A, D, G, J, M, P), DSS (B, E, H, K, N, Q), and PFI (C, F, I, L, O, R) between high- and low-RPP40-expression groups of UCEC patients in several subgroups, including clinical stage III–IV (A-C), histological grade G3 (D-F), the histological type of endometrioid (G-I), the primary therapy outcome of CR (J-L), residual tumor R0 (M-O), and tumor invasion more than 50% of the muscular layer (P-R).





Identification and functional annotation of RPP40-associated DEGs in uterine corpus endometrial carcinoma

In order to explore the function of RPP40 in UCEC, the DEGs between high- and low- RPP40 expression groups were identified. As shown in Figure 8 and Supplementary Figure 4, 748 mRNAs (including 200 upregulated and 548 downregulated mRNAs, Figure 8A and Supplementary Table 2), 90 microRNAs (miRNAs) (including 1 upregulated and 89 downregulated miRNAs, Supplementary Figure 4A and Supplementary Table 3), and 1,408 lncRNAs (including 131 upregulated and 1,277 downregulated lncRNAs, Supplementary Figure 4B, Supplementary Table 4) were screened out as DEGs in the high-RPP40 group. Representative DEGs were presented in heatmaps (Figure 8B).




Figure 8 | Identification and functional enrichment analysis of DEGs in UCEC patients with distinct RPP40 mRNA levels. The mRNAs of DEGs between two groups are presented by volcano plots (A), and represented DEGs are shown as heatmaps (B). Statistically enriched terms identified by the Metascape database are shown; the threshold of kappa score is set as 0.3; ***P < 0.001 (C). Gene set enrichment analysis (GSEA) of differentially expressed mRNAs between high- and low-RPP40-expression groups in UCEC tumors has been conducted, and representative clusters are shown (D-I).



To uncover the function of RPP40 in UCEC, functional enrichment analyses of DEGs were conducted. Firstly, as shown in Figure 8C and Supplementary Table 5, an online analysis via “Metascape” showed that several pathways associated with RPP40 were enriched, including “NABA_MATRISOME_ASSOCIATED”, “Keratinization”, “NABA_ECM_REGULATORS”, “antimicrobial humoral response”, “inflammatory response”, “myeloid leukocyte migration”, “IL-17 signaling pathway”, “Neutrophil degranulation”, “regulation of hormone levels”, and “positive regulation of ERK1 and ERK2 cascade”. This indicated that the function of RPP40 may be mainly related to the regulation of ECM, immune or inflammatory responses, and the ERK signaling pathway. Furthermore, as shown in Figures 8D–I and Supplementary Table 6, the result of GSEA analysis showed that RPP40-associated DEGs were mainly significantly enriched in ECM-related clusters (such as NABA_MATRISOME, NABA_MATRISOME_ASSOCIATED, NABA_ECM_AFFILIATED, and NABA_SECRETED_FACTORS), and immune system-related clusters (such as REACTOME_INNATE_IMMUNE_SYSTEM, and REACTOME_ANTIMICROBIAL_PEPTIDES). Moreover, GO and KEGG enrichment analyses (Supplementary File 2) also showed that the enriched biological processes, molecular functions, and pathways of RPP40 were closely related to ECM regulation and an immune or inflammatory response. These results indicated that the function of RPP40 in UCEC may be associated with the regulation of ECM and immune function.



Association of RPP40 and immune cell infiltration in uterine corpus endometrial carcinoma tumors

The possible association between RPP40 and the immune system was uncovered by the functional annotation of RPP40-associated DEGs. To further confirm the possible effect of RPP40 on tumor immunity, the relationship between RPP40 expression and immune cell infiltration in UCEC was firstly determined. As shown in Figure 9A, the infiltration of Th2 cells (R=0.310, P<0.001), Tcm (R=0.145, P<0.001), and T helper cells (R=0.183, P<0.001) were significantly positively correlated with RPP40 expression. In contrast, the tumor infiltration levels of NK CD56bright cells (R=−0.365, P<0.001), pDC (R=−0.347, P<0.001), iDC (R=−0.347, P<0.001), neutrophils (R=−0.322, P<0.001), NK cells (R=−0.175, P<0.001), TFH (R=−0.211, P<0.001), mast cells (R=−0.211, P<0.001), Treg (R=−0.242, P<0.001), cytotoxic cells (R=−0.193, P<0.001), Tem (R=−0.213, P<0.001), NK CD56dim cells (R=−0.179, P<0.001), eosinophils (R=−0.173, P<0.001), T cells (R=−0.165, P<0.001), Th17 cells (R=−0.118, P<0.001), CD8 T cells (R=−0.065, P=0.004), DC (R=−0.139, P=0.009), and B cells (R=−0.125, P=0.013) were all significantly negatively correlated with RPP40 expression levels. Moreover, the infiltration levels of 24 immune cell types in UCEC tumor tissues between high- and low-RPP40-expression groups were compared. As shown in Figures 9B–U, the infiltration levels of Th2 cells, Tcm, and T helper cells were significantly increased in the high-RPP40 group. At the same time, there were 17 immune cell types (including NK CD56bright cells, pDC, iDC, neutrophils, NK cells, TFH, mast cells, Treg, cytotoxic cells, Tem, NK CD56dim cells, eosinophils, T cells, Th17 cells, CD8 T cells, DC, and B cells) significantly decreased in the high-RPP40 group. In addition, the association between the RPP40 expression and gene marker levels of immune cells in UCEC tumor tissues was evaluated via TIMER, as shown in Table 4, the RPP40 expression level in UCEC tumor tissues was closely related to the immune marker expressions of CD8+ T cells, T cells (general), monocytes, macrophages, neutrophils, NK cells, DC, and Th1 cells. These data indicate that RPP40 may play a specific role in the infiltration of immune cells in UCEC tumor tissues.




Figure 9 | Relationships between RPP40 expression and immune cell infiltration in UCEC tumors. (A) The correlation of immune cell infiltration levels (24 cell types) and RPP40 mRNA expression was evaluated by Spearman’s analysis. (B–U) The comparison of the infiltration levels of significantly correlated immune cells, including Tcm (B), Th2 cells (C), T helper cells (D), Tem (E), CD8 T cells (F), T cells (G), cytotoxic cells (H), TFH (I), Th17 cells (J), Treg (K), iDC (L), pDC (M), DC (N), B cells (O), eosinophils (P), mast cells (Q), neutrophils (R), NK CD56bright cells (S), NK CD56dim cells (T), and NK cells (U) between high- and low-RPP40-expression groups of UCEC patients.




Table 4 | Correlation analysis between RPP40 expression and immune cell markers in UCEC tumors.






Discussion

Although patients with early clinical stages of UCEC have a relatively good prognosis, the patients with advanced or relapsed UCEC still respond poorly to conventional therapies (1, 2, 4). Therefore, the mining of novel prognostic biomarkers and therapeutic targets to improve the survival rate of UCEC patients is of great scientific interest and clinical importance.

At present, the molecular function of RPP40 remains unclear since there are few studies on it. As a component of RNase P or MRP, RPP25 has been reported to promote the proliferation, migration, invasion, and cell cycle programs of cervical cancer cells (14). Furthermore, both RPP25 and RPP30, another component of RNase P and MRP, were reported as reliable prognostic risk factors for glioblastoma multiforme (11, 13). Similarly, RPP40 was also regarded as one of the promoting factors for the chemoresistance of acute myeloid leukemia (15), and the member of a prognostic signature includes seven mRNAs and could accurately predict the recurrence risks of early-stage triple-negative breast cancer (16). In addition, the result of bioinformatics analysis in this study showed that RPP40 was one of the potential prognostic genes for UCEC (Supplementary File 1). Therefore, we speculated that RPP40 might be involved in the tumorigenesis or progression of UCEC.

In the present study, we found that the mRNA expression of RPP40 was significantly upregulated in the tumor tissues of various cancer types, especially in UCEC. Furthermore, the protein expression of RPP40 is also significantly upregulated in UCEC tumor tissues. In addition, RPP40 expression was positively correlated with the clinical stage, histological grade, histological type, and primary therapy outcome. Based on these observations, we speculate that RPP40 might be a potential biomarker and therapeutic target of UCEC. To verify this hypothesis, we evaluated the predictive values of RPP40 in the diagnosis and prognosis of UCEC patients; the results showed that RPP40 was an effective predictor for the diagnosis of UCEC with an AUC of 0.775, a sensitivity of 0.829, and a specificity of 0.719. Furthermore, RPP40 also possessed a significant prognostic value independent of clinicopathological factors in UCEC patients, and the patients with low RPP40 expression possess significantly better clinical outcomes than those with high RPP40 expression. Therefore, we considered RPP40 as a promising prognostic biomarker for UCEC. However, studies targeting the function of RPP40 in malignant tumors are rarely reported.

The TME, composed of multiple cellular and molecular factors, has been widely implicated in tumorigenesis, progression, metastasis, and therapeutic resistance (5–7). Various components of TME, such as cancer-associated fibroblasts (CAFs), immune cells, extracellular matrix (ECM), cytokines, chemokines, and other soluble factors, act together to influence antitumor immunity, therapeutic response, and clinical outcomes (5–8). As an essential component of TME, ECM regulates cell proliferation and differentiation, and its remodeling contributes to tumor growth and metastasis (29, 30). CAFs, the main productor of ECM, interact with almost all cells within the TME that could enable them to promote the tumorigenic alterations of ECM components (29–31). Studies have confirmed that ECM stiffness and degradation always result in the proliferation, migration, and invasion of cancer cells (29). ECM stiffness was mainly regulated by integrin and transforming growth factor-β (TGF-β)–related pathways. ECM degradation was regulated primarily by matrix metalloproteinases (MMPs)/tissue inhibitors of MMP (TIMPs)-related pathways; both of these pathways have been reported to contribute to cancer cell invasion and metastasis (29, 32–34). Until now, there have been no relevant studies about the regulatory role of RPPs on ECM remodeling. In this study, “Metascape” analysis showed that several ECM-related pathways associated with RPP40 were enriched, including “NABA_MATRISOME_ASSOCIATED” and “NABA_ECM_REGULATORS”. Furthermore, the result of GSEA analysis showed that RPP40-associated DEGs were mainly significantly enriched in ECM-related clusters, such as NABA_MATRISOME, NABA_MATRISOME_ASSOCIATED, NABA_ECM_AFFILIATED, and NABA_SECRETED_FACTORS. In addition, the RPP40 expression level was significantly associated with the expression levels of ECM-related genes. In particular, RPP40 expression was positively correlated to the expressions of TGFB2, SMAD2, ITGA1, ITGB1, ITGB5, MMP1, and MMP12, and negatively correlated to the expressions of COL1A1, COL3A1, COL6A2, TGFB1, and TIMP1 (Supplementary Figure 5), suggesting that ECM stiffness and degradation might occur in the UCEC tumors of high-RPP40 patients. These results indicated that the function of RPP40 in UCEC might be closely related to ECM dysregulation in the TME.

Tumor-infiltrating immune cells and the cytokines, chemokines, and other soluble factors secreted by them are also crucial components of the TME (5, 7, 8). Most tumor cells express antigens that can mediate recognition by immune cells and then promote immune cell infiltration and activate the tumor immunity (35). Existing studies confirmed that tumor-infiltrating immune cells are closely associated with the clinical outcome of cancer patients (36, 37). Meanwhile, tumor cells can alter the TME and then induce immune escape and adaptive immune tolerance, which are currently considered essential for the metastases, recurrence, and therapeutic resistance of malignant tumors (5, 38). In patients with systemic autoimmune rheumatic disease, almost all RNase P and MRP complexes’ components have been reported as autoantibody targets (39–41). In addition, the expression of RPP25 was strongly correlated with immune cell infiltration levels in glioblastoma multiforme (11). Similarly, in present research, an online analysis of “Metascape” showed that several pathways associated with RPP40 were enriched, including “antimicrobial humoral response”, “inflammatory response”, “myeloid leukocyte migration”, “IL-17 signaling pathway”, “Neutrophil degranulation”, and “regulation of hormone levels”. Furthermore, the result of GSEA analysis showed that RPP40-associated DEGs were mainly significantly enriched in immune system–related clusters, such as “REACTOME_INNATE_IMMUNE_SYSTEM” and “REACTOME_ANTIMICROBIAL_PEPTIDES”. Moreover, the upregulation of RPP40 was significantly negatively correlated with the tumor infiltration levels of most of immune cell types, such as NK cells, DCs, cytotoxic cells, and CD 8 T cells. DCs are a group of specialized antigen-presenting cells; CD 8 T cells are essential cancer antigen recognition cells that act together and have critical roles in initiating and regulating anti-tumor immune responses (42, 43). NK cells and cytotoxic cells are important effectors of antitumor immunity and can directly kill cancer cells (44, 45). These results indicated that the function of RPP40 in UCEC might also be closely related to the TME.

Based on the above results, we believe that RPP40 is a promising prognostic biomarker correlated with the TME in UCEC. Meanwhile, the mechanism underlying the regulatory function of RPP40 on the TME is still not clear. We notice that RPP40-related DEGs were also significantly enriched in the “positive regulation of ERK1 and ERK2 cascade” in the functional annotation analysis based on “Metascape”. As protein-serine/threonine kinases, both ERK1 and ERK2 are essential components of the Ras-Raf-MEK-ERK signaling cascade, which has been reported to regulate cell proliferation, survival, differentiation, metabolism, adhesion, and migration (46). In malignant tumors, the ERK signaling pathway has been confirmed to promote the transformation of fibroblasts to CAFs in colorectal cancer (47). Furthermore, the ERK1/2 signaling pathway has also been reported as a promoting factor of tumor ECM degradation and angiogenesis, contributing to the proliferation, invasion, and metastasis of malignant tumors (48). Similarly, ERK1/2 signaling cascade has been proven to regulate the tumor immune microenvironment by recruiting immune cells in glioblastoma (49). Therefore, we speculate that the regulatory mechanism of RPP40 in the TME of UCEC may be closely related to the regulation of ERK signaling pathways, whereas further verification studies are needed.

Although we revealed a potential role and the possible mechanism of RPP40 in UCEC tumorigenesis and prognosis, there are still several limitations in this research. Firstly, we just evaluated the association of RPP40 expression and the expression of ECM-related genes in UCEC tumors based on the TCGA database, while CAFs are the main productor of ECM. Therefore, the association analysis between RPP40 expression in tumor cells and the ECM-related gene expressions in CAFs is more convincing. Secondly, further in vivo and in vitro experiments, and the confirming studies in protein levels are all needed to verify the effect and direct mechanism of RPP40 in UCEC.



Conclusions

The upregulation of RPP40 might play an important role in the tumorigenesis and progression of UCEC by regulating the TME and exhibiting a reliable diagnostic and prognostic value for clinical outcomes. The results of this study indicate the possibility of RPP40 as a promising biomarker and therapeutic target for UCEC.
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Introduction

BRCA1 and BRCA2 germline pathogenic variants (GPVs) account for most of the 5-10% of breast cancer (BC) that is attributable to inherited genetic variants. BRCA1 GPVs are associated with the triple negative subtype, whereas BRCA2 GPVs are likely to result in higher grade, estrogen-receptor positive BCs. The contribution of other genes of high and moderate risk for BC has not been well defined and risk estimates to specific BC subtypes is lacking, especially for an admixed population like Brazilian.



Objective

The aim of this study is to evaluate the value of a multigene panel in detecting germline mutations in cancer-predisposing genes for Brazilian BC patients and its relation with molecular subtypes and the predominant molecular ancestry.



Patients and methods

A total of 321 unrelated BC patients who fulfilled NCCN criteria for BRCA1/2 testing between 2016-2018 were investigated with a 94-genes panel. Molecular subtypes were retrieved from medical records and ancestry-specific variants were obtained from off-target reads obtained from the sequencing data.



Results

We detected 83 GPVs in 81 patients (positivity rate of 25.2%). Among GPVs, 47% (39/83) were identified in high-risk BC genes (BRCA1/2, PALB2 and TP53) and 18% (15/83) in moderate-penetrance genes (ATM, CHEK2 and RAD51C). The remainder of the GPVs (35% - 29/83), were identified in lower-risk genes. As for the molecular subtypes, triple negative BC had a mutation frequency of 31.6% (25/79), with predominance in BRCA1 (12.6%; 10/79). Among the luminal subtypes, except Luminal B HER2-positive, 18.7% (29/155) had GPV with BRCA1/2 genes contributing 7.1% (11/155) and non-BRCA1/2 genes, 12.9% (20/155). For Luminal B HER2-positive subtype, 40% (16/40) had GPVs, with a predominance of ATM gene (15% - 6/40) and BRCA2 with only 2.5% (1/40). Finally, HER2-enriched subtype presented a mutation rate of 30.8% (4/13) with contribution of BRCA2 of 7.5% (1/13) and non-BRCA1/2 of 23% (3/13). Variants of uncertain significance (VUS) were identified in 77.6% (249/321) of the patients and the number of VUS was increased in patients with Asian and Native American ancestry.



Conclusion

The multigene panel contributed to identify GPVs in genes other than BRCA1/2, increasing the positivity of the genetic test from 9.6% (BRCA1/2) to 25.2% and, considering only the most clinically relevant BC predisposing genes, to 16.2%. These results indicate that women with clinical criteria for hereditary BC may benefit from a multigene panel testing, as it allows identifying GPVs in genes that directly impact the clinical management of these patients and family members.
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Introduction

Breast cancer is the most common non-cutaneous cancer, and according to the World Health Organization, it is the second leading cause of cancer death among women worldwide (1). Between 5-10% of BCs are attributed to inherited genetic variations mainly in two high-risk genes, BRCA1 and BRCA2, associated to the hereditary breast and ovarian cancer syndrome (HBOC), which confer a high risk of breast, ovarian, pancreatic and prostate cancer (2–4). However, a significant proportion of the suspected genetic risk patients remains unexplained when only the two genes, BRCA1/2, are investigated. Apart from BRCA1/2, GPVs located in seven other genes - ATM, BARD1, CHEK2, PALB2, RAD51C, RAD51D and TP53 – have shown to be clinically relevant, increasing the risk to develop BC (5–9). For ATM, CHEK2 and PALB2 appropriate evidences have been gathered in the clinical setting to warrant the screening for GPVs in these genes, even in the absence of familial BC history (10–12). Additionally, the role of widespread clinical testing for GPVs in other BC-risk genes, such as CDH1, STK11 and PTEN that increase the risk for BC in the context of Hereditary Diffuse Gastric Cancer, Peutz-Jeghers and Cowden’s syndrome, respectively, continues to be debated (9).

The implementation of genetic testing for multiple genes for hereditary cancer syndromes offers many benefits, including lower cost and time per gene when compared to single-gene testing (13–16). Currently available commercial multigene panels range widely from phenotype specific, for familial cancer such as BC, to panels covering multiple phenotypes. These panels may include high-risk genes, with established clinical utility, as well as moderate and low-risk genes, with limited data about clinical significance and cancer risk and even genes with no management guidelines (16, 17).

Important issues have been widely discussed about the clinical indications, benefits and genetic counseling impact of multigene panels (18). In general, these panels are indicated when more than one gene may be associated to the phenotype, due to its increased efficacy and reasonable cost as compared to single genes (16). Indications can also be considered for patients with a negative test for particular syndromes, whose personal and familial history may suggest hereditary cancer (13, 19). Nevertheless, nowadays, National Comprehensive Cancer Network (NCCN) guidelines recommend high-penetrance susceptibility gene analysis, beyond BRCA1/2, for BC patients with testing criteria (20).

The use of multigene panels in the clinical practice still faces some challenges. These include the proper interpretation of the sometimes complex results, such as the identification of variants of uncertain significance (VUS), specially concerning in populations that have been less characterized by genomic studies, as well as the find of unexpected results like variants without genotype-phenotype correlation and of potentially GPVs in moderate and low-risk genes, which makes genetic counseling and clinical management more challenging (11, 16, 17). As an example, after the implementation of multigene panels in suspected BC risk patients, some studies reported that the identification of at least one VUS in different cohorts varied from 20% to 40% (13, 19). Still, studies with multigene panels have shown that patients with suspected hereditary breast and ovarian cancer and negative for BRCA1/2, presented a prevalence of mutations in other genes ranging from 4% to 16%, substantially increasing the ability to discovery the genetic cause for the increased cancer risk in these patients (18, 19).

The aim of the study presented here is to evaluate the impact of the use of a multigene panel in clinical practice of patients suspected of BC risk in both, overall and subtype-specific BC scenarios, and to evaluate the VUS repertoire in groups distinct predominant ancestries. To this end, we used a 94-genes panel in a series of BC patients and compared the identified clinically relevant variants to clinical, pathological and ancestry data. Our results contribute to the understanding of the genetic architecture of BC risk in a very admixed and scarcely genetic characterized population.



Methods


Patients selection

We selected a total of 321 unrelated patients diagnosed with BC, all under investigation at the Department of Oncogenetics, A.C.Camargo Cancer Center (ACCCC), between September 2016 and May 2018. Inclusion criteria: patients with a current or previous BC diagnosed at any age, of any histological type (including bilateral BC), who fulfilled NCCN criteria (2016 to 2018) of HBOC syndrome and performed genetic test at the Genomic Diagnostic Laboratory/Pathological Anatomy of the ACCCC. All patients received pre- and post-testing genetic counseling.

All patients have signed a written informed consent after genetic counseling. This study was approved by the local Ethics Committee of the ACCCC (protocol number 2483/18).



Genetic testing

Genomic DNA from peripheral blood sample or saliva was extracted and was used to perform capture by hybridization of the exons and exon-intron boundaries of the 94 genes using the commercial kits TruSight Cancer Sequencing Panel and TruSight Rapid Capture (Illumina). Next generation sequencing (NGS) was performed on the NextSeq 500 System (Illumina) platform. Sequences corresponding to the requested genes of each patient were compared with the respective reference sequences for calling variants using bioinformatics tools (Isaac Enrichment v3.0 and Illumina Variant Studio 2.2).

All identified variants were imported into the VarSeq software (Golden Helix) for function, classification and frequency annotations in public databases. Variants were filtered according to the criteria: quality >30; variant base present in at least 25% of the reads; absent in population databases (gnomAD, dbSNP, 1000genomes and Abraom - database of variants of exomes of the Brazilian population: http://abraom.ib.usp.br/) or, when present, presenting minor allele frequencies (MAF) ≤ 0.01.

Multiplex Ligation-dependent Probe Amplification (MLPA – P087, MRC-Holland, Amsterdam, NL) was used for BRCA1 and BRCA2 copy number variation analysis, according to the manufacturer’s recommendations. Coffalyzer software (MRC-Holland, Amsterdam, NL) was used at default settings for data analyses.



Variant classification and analysis

The variants were noted for their increased changes of impacting protein function: loss of function (LoF) changes, indels and mutations at canonical splice sites; indels disrupting reading frames; amino-acid substitution variants (missenses) and synonymous alterations, and evaluated in the ClinVar database. For the classification and final interpretation of the identified variants we have followed the recommendations of the American College of Medical Genetics and Genomics (ACMG) (21).



Ancestry analysis

Analysis of African, European, Native/Latin American, and South/East Asian ancestries were performed using sequencing data obtained from the TruSight Cancer, containing data from the 94 cancer predisposing genes as well as all off-target reads. The data was processed using the software PLINK and a set of quality control criteria was applied (22). First, SNPs with call rates across samples < 95% and minor allele frequency (MAF) < 1% were filtered out. Then, SNPs were excluded for Hardy-Weinberg Equilibrium test < 0.000001 and pruned for linkage disequilibrium for window size = 50, step size = 5 and r2threshold = 0.2. For quality control, the set of selected SNPs was applied to the reference dataset and the unsupervised mode of ADMIXTURE was used. The values obtained were then compared with the ancestry previously calculated. This comparison was made using the graphical method Bland-Altman (23). As a reference, populations from 1000 Genomes Project (1000G) and Human Genome Diversity Project (HGDP) were extracted (24–26). Altogether eight populations were selected from 1000G and these were grouped into four superpopulations: European, African, Native American and Asian. Only the most homogenous populations were selected. This estimate was obtained using the unsupervised mode of ADMIXTURE with K=4 (27). The chosen populations were: YRI (Yoruba in Ibadan, Nigeria), LWK (Luhya in Webuye, Kenya), GBR (British in England and Scotland), TSI (Toscani in Italia), JPT (Japanese from Tokyo, Japan), CHB (Han Chinese from Beijing, China), ITU (Indian Telugu from UK) and STU (Sri Lankan Tamil from the UK). In HGDP, five populations were selected, and classified as Native Americans. From all our subjects, a total of 534,734 SNPs were found.

The classification in categorical variables was performed similarly to two previous studies (28, 29). Individuals that had the secondary ancestry with less than 20% were noted as the first ancestry (e.g., an individual with 78% European ancestry, 15% African and 7% native American was annotated as predominantly EUR). Individuals that had greater than 20% of the secondary ancestry were classified as admixed samples, and both the primary and secondary most relevant ancestries were noted (e.g., an individual with 65% European ancestry and 35% African ancestry was annotated as EUR_admixAFR). Individuals without any ancestry above 50% were noted as highly admixed.



Statistical analysis

Clinical, anatomopathological and familial characteristics were described with descriptive statistics, including medians, means and standard deviations for continuous data. For categorical data, proportions with a 95% confidence interval (CI) were calculated using the Clopper-Pearson method. The demographic, clinical and pathological data were compared by the T test (continuous variables) and the T test/analysis of variance for continuous variables. Statistical significance was set at a p ≤ 0.05.

Breast cancer (BC) molecular subtypes were classified according to Immunohistochemistry (IHC) status of Progesterone/Estrogen receptor and HER2 protein overexpression by IHC/amplified by FISH. Ki67 status was not available in our records. Thus we classified BC in three molecular subtypes: Triple-negative breast cancer (TNBC), Luminal (HR-positive/HER2-negative), Luminal B HER2 (HR-positive/HER2-positive) and HER2-enriched (HR-negative/HER2-positive).

To investigate the predictors of number of VUS, we used a multivariate poison regression. First set number of VUS as response variable and used all predictors (“European”, “African”, “Asian”, “America”, “Ashkenazi Jewish ethnicity”, “Age at diagnosis years”, “ Family history of breast & ovarian cancer”, “ Family history of non-breast & ovarian cancer”) in building a model.

In order to be able to select the features, which could well serve as predictors, we used backward stepwise approach where the least significant variable is gradually eliminated until we get a final model with relatively lower AIC values. To take a more robust approach, we bootstrapped the backward stepwise elimination approach running it for (n) number of times each time with subset of (n) samples from original dataset with replacement. We repeated the process with a) all patients are selected, b) selected patients with VUS in genes that form top 10% in the cohort, c) patients with VUS of 10 breast and ovarian cancer genes previously reported (30). For GPVs, we used a multivariate binomial logistic regression model of all predictors followed by bootstrap backward stepwise feature selection process. The response variable in this exercise was the presence or absence of GPVs.




Results


Germline characterization in breast cancer patients with overall or specific subtype

Among 321 women included, the mean age at diagnosis was 45.2 years (ranging from 26 to 85 years), and the median was 44 years, just over half of them developed BC at age 45 years or younger (57%) and 29 (9%) had bilateral disease. Only 1.2% of the studied population declared to have Ashkenazi Jewish ancestry. The predominant histological type was ductal carcinoma, found in 82.6% of the cases. Triple-negative breast cancer (TNBC) was found in 24.6% of the patients, Luminal subtype in 48.3%, Luminal B HER2 in 12.5%, HER2-enriched in 4.0%. Tumor subtype data was not available for 10.6% (Table 1). We observed that 12.1% of women had diagnosis of another cancer, and of these, 2.8% had a diagnosis of ovarian cancer (5 of them had diagnosis of ovarian after BC, one was synchronized and two had ovary before BC). Most women (65.1%) had a first, second or third degree relative with breast or ovary cancer. Clinical and pathological findings for all patients are given in Table 1.


Table 1 | Clinical and anatomopathological characteristics found in the 321 studied individuals.



Using a 94-genes panel a total of 83 GPVs in 24 genes were found in 81 women (25.2%). Most GPVs were LoF (78.3%): 32 frameshift variants (38.6%), 18 nonsense variants (21.7%) and 10 splice site variants (12%), and 21.7% were missense variants. The frequency of GPVs among 321 women was 25.2% (81/321) (Table 2). Two patients had more than one GPV and were diagnosed with the Multilocus Inherited Neoplasia Alleles Syndrome (MINAS), involving a combination of mutations in BRCA2/ATM and BRCA2/CHEK2 genes.


Table 2 | Frequency of germline pathogenic variants found in the study population.



GPVs in genes of high-penetrance for BC were found in 39 patients (12.15% - 39/321) including: 17 (5.3%) in BRCA1; 14 in BRCA2 (4.3%); 4 in TP53 (1.2%) and 4 in PALB2 (1.2%), corresponding to 47% (39/83) of the positive results. Mutations in genes of moderate penetrance for BC (ATM, CHEK2, RAD51C) were found in 4.6% (15/321) (Figure 1; Table 2).




Figure 1 | Distribution of 83 germline pathogenic/likely pathogenic variants of breast cancer-related genes detected in 81 Brazilian patients, found in 24 cancer susceptibility genes.



BRCA1/2 GPVs were found in 31 patients, corresponding to 9.6% (31/321) and to 37.3% (31/83) of the GPVs. In other 50 patients, corresponding to 15.6% (50/321), GPVs were detected in additional high, moderate and lower-risk BC genes: 23 GPVs (23/321 – 7.1%) were detected in high- and moderate-risk BC genes: 8 in ATM (9.6%), 6 with CHEK2 (7.2%), 4 with TP53 (4.8%), 4 with PALB2 (4.8%), 1 with RAD51C (1.2%) and 29 GPVs (29/321 – 9%) in others of unknown clinical relevance for BC. (Figure 1; Table 2). No GPVs were identified in the other 70 genes. All GPVs detected are described in Table 3.


Table 3 | Description of the identified 83 germline pathogenic variants.



The presence of GPV was analyzed according to BC molecular subtypes (Figure 2). Among 79 TNBC patients, 31.6% (26/79) had a GPV and the gene with the highest number of GPVs was BRCA1 (12.6%) followed by BRCA2, MUTYH and PALB2 (2.5% each), and TP53 and RAD51C had 1.3% each. Luminal BC was diagnosed in 155 patients, and of these, 18.7% (29/155) had a P/LP variant, with BRCA2 and BRCA1 showing 5.8% of mutations (3.2% and 2.6%, respectively). The subtype Luminal B HER2 was found in 40 patients, and of these, 40% (16/40) had a P/LP variant, with BRCA2 mutation being found in 10% (4/40) and ATM in 12.5% (5/40), the most frequently mutated gene in this subgroup. Finally, for the 13 patients diagnosed with HER2-enriched BC, 30.8% (4/13) had a P/LP variant in BRCA2, TP53, FH and RECQL4 genes (7.7% each), these latter two genes with an still to be determined relevance in BC (Figure 2).




Figure 2 | Spectrum of germline pathogenic variants detected according to the molecular subtype of breast cancer.



At least one VUS was identified in 249 patients (249/321 - 77.5%). A total of 470 variants were found in 81 of the 94 genes of the panel. FANCM gene harbored the larger number of VUS, found in 22 patients (22/249 - 8.8%), followed by ATM and RECQL4, with VUS identified in 20 patients each (20/249 - 8%), MSH6 with VUS identified in 18 patients (18/249 - 7.2%), SLX4 in 17 patients (17/249 - 6.8%) and BRCA2 in 16 (16/249 – 6.4%). Some patients had more than one VUS in the same gene (Figure 3). Most VUS were identified in genes without strong evidence of association with breast cancer.




Figure 3 | Distribution of variants of uncertain significance, according to the identified gene.



Two patients were diagnosed with MINAS, the first (P013) was diagnosed with a ductal carcinoma at the age of 49 years, molecular subtype luminal B HER2 with family history of breast, prostate, colorectal and gastric cancer. For this subject we detected the GPV c.5617_5621delGTAAT; p.(Val1873*) in BRCA2 gene and the variant c.470T>C; p.(Ile157Thr) in CHEK2 gene. The variant c.470T>C is a founder variant with low penetrance in Finnish and Polish individuals (31, 32). Mutations in these two genes increase the risk for BC and BRCA2 is also related to increase risk for prostate cancer even as CHEK2 increases risk for colorectal cancer, probably explaining the family history of cancer at multiple distinct sites.

The second patient (P211) was diagnosed with a ductal carcinoma at 31 years old, molecular subtype luminal B HER2 with a family history of BC in a second-degree relative. The GPV c.156_157insAlu was detected in BRCA2 gene and the variant c.6529C>T; p.(Gln2177Ter) in ATM gene, both genes related to BC.

We evaluated potential associations among clinical variants and the BC carriers with GPVs in both BRCA1 and BRCA2 genes, and 22 additional genes (ATM, BLM, BRIP1, CHEK2, FANCA, FANCD2, FANCE, FANCI, FANCL, FANCM, FH, HNF1A, MUTYH, PALB2, PHOX2B, PMS2, PRF1, RAD51C, RECQL4, SBDS, SLX4 and TP53). Significant associations were found only with BRCA1/2 GPVs and self-reported Ashkenazi Jewish ethnicity. No other significant associations were found with the other clinical variables evaluated (age of onset, BC histology, hormone receptor status, bilateral BC, personal history of other malignant neoplasms and familial history of cancer) (Supplementary Table 1) neither in the additional 22 genes with GPVs (Supplementary Table 2).

Among patients without a GPV, the mean age at diagnosis of BC was 45.5 years. For patients with GPVs, the mean age at diagnosis was 44.2 years for BRCA1, 42.8 for BRCA2, 46.7 for TP53, 38.1 for ATM and 40.2 for PALB2 carriers. Mean age in patients with GPVs located in low risk genes for BC was 46.3 years. Among patients diagnosed with BC before 45 years, 25.6% (47/183) had a GPV; between ages 46 and 60 years, 29.2% (31/106) and after 60 years of age, only 9.3% (3/32).

Regarding the diagnosis of other malignancies, excluding BC, 12.1% (39/321) of the women included had a diagnosis of another primary cancer and the most frequent was ovarian cancer (9/39 - 23%), followed by thyroid (7/39 - 18%) and colorectal cancer (7/39 - 18%).



Ancestry analysis

Genetic variants in target and off-target regions captured by the multigene panel were used to access the genetic ancestry of our cohort of 321 non-related women with BC (Supplementary Figure 1). According to the proportion of first and second most common ancestries, patients were divided into eleven categories. Most patients were classified as having predominant European ancestry (183/321 – 57.0%), or European admixed with a second ancestry (51/321 – 15.9%). African ancestry was observed as the major ancestry in only 12 patients (3.7%) and as the second ancestry in 36 patients (11.0%); and finally Asian ancestry was observed as major ancestry in 16 patients (5.0%) and Asian/Native American as second ancestries in 0.9% (3/321) (Supplementary Table 3).

As molecular and cancer genomics studies are sparse for populations, such as those with African, as well as Asian/Native American ancestries we hypothesized that more VUS would be found in among non-Europeans. Also, if these indeed represent real cancer risk, some variations could have stronger associations with familial cancer history or early age at diagnosis. We therefore investigated whether family history of cancer, age at diagnosis, ancestry and ethnicity may be associated with number of VUS per patient. Using multivariate Poisson regression with feature selection process (see methods) we found evidence for Asian ancestry and family history (1st, 2nd and 3rd degree relatives) with any cancer other than breast and ovarian cancer as positive predictors of the number of VUS. For an individual with family history of cancer other than breast and ovarian cancer, their incidence rate ratios of having VUS is 1.35 [95% CI 1.06 – 1.75, p = 0.019] when all other variables are held constant. With a percentage increase in Asian and Native American ancestry we would expect number of VUS to increase by a factor of 1.61 [95% CI 1.09 – 2.32, p = 0.013] and 4.58 [95% CI 1.30 – 13.76, p = 0.011] respectively per increase in percent (Supplementary Table 4). However, incidence ratios were higher when narrowed down to patients, who had VUS in any of the eight frequently mutated genes (top 10% VUS) in the series thus FANCM, ATM, MSH6, RECQL4, BRCA2, ERCC5, SLX4 and XPC.

Regarding GPVs, using a multivariate binomial logistic regression model of all predictors followed by bootstrap backward stepwise feature selection process, we found that only the Ashkenazi Jewish ethnicity had positive association with presence or absence of GPVs. The odds ratio of having GPVs was 9.19 [95% 1.16 – 187.30] but reached no statistical significance (p = 0.056) (Supplementary Table 5). There was no difference between the ancestries groups and the frequency of GPV in the most frequent mutated genes (BRCA1, BRCA2, TP53, PALB2, ATM, CHEK2 and MUTYH). Breast cancer molecular subtypes (TBNC and non-TNBC) and age of tumor onset were also similar among different ancestry categories (data not shown).




Discussion

The use of multigene panels for genetic counselling in hereditary BC is growing more and more. However, although the use of these panels can help in the diagnosis cancer predisposition syndromes for some families, the challenges of interpreting the results for meaningful genetic counseling still lingers, as cancer risk estimates and management strategies still have to be established for many genes.

In the present study, among 321 unrelated women with BC, the frequency of GPVs in BRCA1/2 genes was 9.6% and in non-BRCA1/2 cancer predisposition genes was 15.6%. Overall the analysis of the 94-genes panel contributed to identify GPVs in non-BRCA1/2 in 50 patients, increasing the frequency of variants identification by almost 16%, similar to some previous studies in BC (33–36). Considering the 9 BC-genes, which were recently described as the most relevant BC predisposing genes (BRCA1, BRCA2, ATM, BARD1, CHEK2, PALB2, RAD51C, RAD51D and TP53) (9), 16.8% patients were detected as carriers GPV in at least one of these genes. The seven non-BRCA1/2 genes contributed with 7.2% in the ability to detect a GPV as a genetic determinant of BC in these women, showing a main gain in terms of clinical value in analyzing of these 9 BC-genes instead of only BRCA1/2.

Our findings demonstrated a higher prevalence of GPVs in high-risk BC genes, such as BRCA1, BRCA2, PALB2 and TP53 as expected. Pathogenic variants in TP53 were identified in four patients and three of them harbored the same variant - c.1010G>A (p.Arg337His/R337H), that was introduced in Brazil possibly a founder effect, and is now found in relatively high frequencies in the southeast and southern regions of the country (37). A recent study identified a variant in the tumor suppressor XAF1 (E134*) in a subset of R337H carriers and proposes that the co-segregation of XAF1-E134* and TP53-R337H mutations leads to a more aggressive cancer phenotype than R337H alone (38). The analysis of variant E134* was positive in 2 patients (P097 and P277) and negative in patient P160. No GPV were identified in the other high-risk BC genes such as PTEN, CDH1 and STK11 and they are very rare, as demonstrated in a recent study (9).

As for variants of moderate risk for BC, GPVs in ATM, CHEK2 and RAD51C were found in 4.6% of our series and corresponding to 18% of GPVs found, a finding consistent with other recent studies (33–36, 39). According to Tung et al. (2016), germline mutations in moderate risk BC susceptibility genes are identified in approximately 2% to 5% of individuals performing multigene panel (36). It is important to note that, after BRCA1/2, ATM was the most prevalent mutated gene among patients in our study. De Souza Timoteo et al. (2018) reported that germline mutations in moderate- and low-risk BC genes were detected in 3.8% of individuals, including ATM, ATR, CDH1, MLH1 and MSH6 (40).

Our results are similar to other Brazilian studies. De Souza Timoteo et al. (2018) evaluated 157 individuals (132 with breast and 25 cancer-unaffected) using three different types of multigene panel (40). Germline pathogenic variants were identified in twenty-seven individuals (17.2%), 24 with BC and three asymptomatic, and most of them in BRCA1/2 genes (75%) (38). A recent study evaluated germline molecular data in hereditary BC in 224 patients and GPVs were detected in 20.5% (41). The frequency of GPV in a high-penetrance BC gene was 61% and frequency of moderate penetrance genes represented 15.2% of the positive results (41).

According to the guidelines of the NCCN, screening recommended for patients with moderate-risk BC GPVs such as ATM and CHEK2 is annual mammogram and consider breast MRI with contrast due to increased risk of BC (20). There is insufficient evidence for risk-reducing mastectomy and should be based on family history. In our series, just one of the patients with a GPV in CHEK2 had a contralateral BC and none of the patients with a GPV in the moderate-risk BC genes had other primary cancers (excluding BC) (20). Bilateral BC was not significantly associated with GPVs in our cohort.

Regarding the molecular subtype of BC, we observed the predominance of GPVs in BRCA1 genes in TNBC tumors, as reported by others, including our own previous study with 131 Brazilian women with TNBC (42–45). For the luminal subtype, GPVs in BRCA1 and BRCA2 genes were found in only 5.8%, while GPVs in other genes correspond to 12.9%, highlighting the contribution of the multigene panel in luminal tumors. Moreover, we found that the proportion of ATM GPVs is significantly higher in Luminal B HER2 tumors, as previously reported in the literature (46).

Seven carriers with GPV in low-risk gene MUTYH (monoallelic), were found here, whose association with BC risk is still controversial. Some studies reported an increased risk of BC for monoallelic MUTYH mutation carriers (47, 48). However, other studies did not find statistical evidence for an increased risk of BC (49, 50).

Recently, it has been described the MINAS condition, which is characterized by the presence of two or more GPVs in genes related to cancer predisposition in the same individual (51). We found a frequency of 2.4% among patients who are carriers of two GPVs, with the following combinations BRCA2/ATM and BRCA2/CHEK2. An overlap of phenotypes associated with both genes was observed in theses cases.

According to previous studies, about a third of multigene panels identify at least one VUS in one or more genes (18, 19). A study of 2,158 women with BC referred to genetic testing using a 25-multigene panel, showed that VUS were found in 40% of individuals (19). Another similar study with 198 women who underwent 42 multigene panel showed that VUS was identified in 88% of them (18). In our series using a 94-genes panel, we found 77.5% of patients with VUS and showed that patients with Asian and Native American ancestry were associated to a higher number of VUS. It is expected that the panels containing a larger number of genes will result in a higher rate of patients presenting VUS. Also, as most VUS represent rare missense variants with low minor allele frequencies or not described in populational databases, it is anticipated that genetically less characterized populations, such as the Brazilian, will have more VUS. In this sense, a recent study evaluating more than a 100,000 multigene hereditary cancer genetic tests revealed that, compared to Europeans, Asian and Middle Eastern individuals were most likely to be identified with VUS (52).

It should be noted that there were limitations associated with our study. Copy number variation analysis with MLPA was only performed for BRCA1/2. The panel used is not validated for large deletion/duplication analysis. Patients selected to perform the multigene panel had criteria for HBOC, with personal or family history that suggested higher inherited cancer risk. At the same time, it is possible that we did not include BC patients who did not meet criteria for HBOC but could have GPVs in the other genes included in the panel. Another limitation of the present study was that we could not establish a genotype-phenotype correlation for moderate and low-risk BC genes, due to the small number of patients with GPVs in these genes.

In conclusion, our results indicate that although most of the GPV found in this study were in the BRCA1/2 genes (9.6%), women who fulfill the clinical criteria for HBOC may benefit from multigene panel testing, because the panel allows to identify GPV in relevant BC predisposing genes (7.2%), including those who change the clinical management. This is the first study that analyzed multigene panel and its relation with molecular subtypes in Brazilian BC patients. Further studies are still needed to better comprehend the heritability of distinct subtypes of BC in Brazilian women, including those who do not fulfill clinical criteria for HBOC to correlate genotype-phenotype of moderate and low-risk BC genes.
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To date, the molecular mechanisms that underline aggressiveness and resistance to tyrosine kinase inhibitors in some thyroid carcinomas (TCs) are not known yet. We report the case of a young patient with a metastatic poorly differentiated (PDTC) and follicular thyroid carcinoma (FTC) refractory to conventional therapies and to Sorafenib. The patient, despite an initial partial response, died of progressive disease 21 months after diagnosis. The genetic analysis performed on the primary tumor and on lymph nodes and distant metastases allowed to identify a frameshift mutation (p.P248Tfs*5) in the PTEN gene, never described in TC. This mutation was present in the primary tumor and, with a lower allelic frequency, in metastases diagnosed after treatment with Sorafenib. Mutations in TP53 (p.C135Y and c.920-2A>G previously detected in anaplastic carcinomas and p.M133R never found in TC) were also detected in the primary tissue together with a mono-allelic expression of the p.C135Y mutant at RNA level. At metastatic sites level, we found only the TP53 splicing mutation c.920-2A>G. The presence of defects in mismatch repair (MMR) proteins and genomic instability was also evaluated. The primary tumor showed a partial expression of MMR proteins together with a strong genomic instability. In conclusion, we demonstrated that the rare combination of somatic PTEN and TP53 mutations in a patient with a metastatic FTC, together with the presence of tumor heterogeneity and genomic instability, might be associated with a high tumor aggressiveness and resistance to treatments.
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Introduction

Well-differentiated thyroid carcinomas (WDTCs) are efficiently treated by surgery and radioiodine. On the contrary, poorly differentiated thyroid cancer (PDTC) and anaplastic thyroid cancer (ATC) are refractory to radioiodine therapy, and, in recent decades, tyrosine kinase inhibitors (TKIs) with angiogenetic and molecular targets were developed and used for these cases (1). The molecular mechanisms that generate thyroid cancer (TC) dedifferentiation are still unclear. Recently, next-generation sequencing (NGS) studies unraveled PDTCs and ATCs mutational landscapes, supporting the model of multistep tumorigenesis whereby PDTCs and ATCs arise from WDTCs through stepwise accumulation of additional genetic abnormalities, with prognostic and possible therapeutic relevance (2, 3). To date, one of the best characterized genetic alterations leading to the development of poorly and undifferentiated thyroid cancers is the loss of p53 tumor suppressor. The TP53 gene codifies for a master regulatory protein, also known as “guardian of genome”, involved in different cellular processes such as apoptosis, DNA repair, cell cycle arrest, and cellular senescence (4). The p53 protein has a key role in the maintenance of genetic stability and, thus, in preventing tumor development. TP53 mutations, usually located in the region between exons 5 and 8, have been described in about 50% of human cancers. Whereas WDTC are rarely (<10%) TP53 mutated, more than 70% of PDTC/ATCs are associated with TP53 mutations (5). Almost all p53 mutations impaired p53 transcriptional activity and are not only important for tumor progression but also in the response to chemotherapy, to radioiodine therapy, and to TKIs treatment (5, 6). Interestingly, two mismatch repair genes, MLH1 and PMS2, have been identified as targets for p53 in normal fibroblasts (7). The mismatch repair (MMR) system recognizes mismatched bases in double-stranded DNA and initiates the repair process. The identification of MLH1 and PMS2 as direct targets for p53 defines a signaling pathway that couples two important cellular guardian pathways, growth arrest, and apoptosis (7). Another tumor suppressor gene often mutated in human cancers, and also in aggressive TCs, is PTEN (phosphatase and tensin homolog). PTEN, through its lipid phosphatase activity inhibiting the PI3K/AKT pathway, regulates many cellular processes, including proliferation, survival, energy metabolism, cellular architecture, and motility (8). Mutations result in a non-functional or absent PTEN protein and are relatively common in ATCs, followed by PDTCs, and uncommon in follicular thyroid cancer (FTC) (9). Although TKIs are now available for aggressive TCs treatment (1, 10), additional strategies are currently being investigated, using the ability to modulate epigenetic changes in cancer DNA, restore the transcriptional activity of mutant p53, and block signal transduction downstream of different p53 family members (11). Immune checkpoint inhibitors, already used in colorectal cancer patients with high level of microsatellite instability or with defects in one of the MMR genes (12), might be also explored in the future. In this study, we reported the peculiar clinical and molecular characterization of a 35-year-old male patient who died of a metastatic FTC refractory to surgery and radioiodine and Sorafenib treatment and harboring PTEN and TP53 mutations in a context of tumor heterogeneity and genomic instability.



Case description

In January 2008, a 35-year-old man without a family history of benign/malignant thyroid diseases or other tumors had noticed the appearance of a rapidly growing nodule in the neck. The patient had never had any relevant diseases or tumors, thus excluding the DICER1 syndrome, and had therefore never undergone external radiotherapy at the neck level. An ultrasound of the neck showed a hypoechogenic thyroid nodule of about 35 mm in the right lobe. Therefore, the patient underwent a thyroid needle aspiration for cytological examination. The patient was submitted, for a suspected cytological result, to total thyroidectomy. According to the WHO 2022 classification, histological examination showed a 35-mm right lobe extensively invasive, necrotic, and angioinvasive PDTC (80%) with widely invasive FTC areas with pleomorphic nuclei (20%) (pT3NX, according to the 7th TNM edition) (13, 14). The tissue analyzed shows Turin criteria (14): solid/trabecular/insular growth pattern, no nuclear cytology features of PTC, presence of tumor necrosis, mitotic count of 8/2 mm2, convoluted nuclei, and absence of anaplastic features. In addition, Ki-67 immunostaining showed a proliferation index >5% in both the primary tumor and the distant metastasis (Supplementary Figure 1). Moreover, at diagnosis, a CT scan showed the presence of a small lung suspicious nodule and multiple metastatic lymph nodes (laterocervical, paratracheal, and mediastinal) and particularly a 5-cm lymph node metastasis located in the right hilar region across the main bronchus. In April 2008, 1,850 MBq of 131I was administered, and the total body scan showed two small thyroid residues and laterocervical adenopathy, showing instead a radioiodine refractoriness of mediastinal and lung metastases. In August 2008, 3 months after initial treatments, the patient was submitted to a thoracic surgery in order to remove progressive lung metastases and several enlarging mediastinal lymph nodes, conditioning dyspnea, chest pain, dysphagia, and fatigue. However, the metastases were unresectable, only a few lymph nodes were debulked, and the upper lobe of the right lung was removed. Histological examination showed massive lymph node and lung metastases of PDTC. Thus, in November 2008, due to the presence of progressive, symptomatic, iodine-refractory, unresectable distant metastases (Figure 1A), after informed consent of the patient, we started treatment with Sorafenib, the only TKI available at the time (1, 15). Due to major drug-related side effects that developed (diarrhea, pruritus, fatigue, weight loss, hand–foot syndrome, musculoskeletal pain, and tachycardia), the maximum dosage reached by the patient was 600 mg/day, which was maintained without any withdrawal during 7 weeks. During Sorafenib treatment, lymph node and lung metastases showed a significant volume reduction, and serum thyroglobulin (Tg) decreased from 1,700 to 55 ng/ml (Figure 1B). The reduction of Sorafenib to 400 mg daily was associated with an immediate increase in Tg values, without a substantial reduction in side effects. The dose was then increased to 600 mg/day with a new decrease in Tg levels (Figure 1B). In June 2009, given the significant reduction of metastases burden (Figure 1C), the patient underwent right pneumonectomy and mediastinal lymphadenectomy. The histological examination showed lymph node and lung PDTC metastases. In July 2009, after surgery, serum Tg levels increased progressively, and a total body CT scan, negative for neck and chest metastases, showed multiple liver and adrenal metastases (Figures 1D–F). The patient’s general conditions deteriorated rapidly, so no further treatments were possible, and he died in September 2009.




Figure 1 | (A) CT scan performed on November 2008, before Sorafenib is started. Large lymph node metastases (between 2 and 5.5 cm in diameter) localized in the right hilar region across the pulmonary artery and the main bronchus. (B) Thyroglobulin (Tg) biomarker trend during Sorafenib treatment and after surgical removal of metastases performed after Sorafenib treatment (anti-Tg antibodies persistently negative): Tg values were significantly reduced in the first few weeks of Sorafenib therapy and remained low throughout treatment on different doses. In July 2009, after surgical removal of lymph node and lung metastases, Tg values rose suddenly. (C, D) CT scan performed on July 2009, after following Sorafenib withdrawal and surgical removal of lymph node and lung metastases. Ten liver metastases of 1–2.5 cm size and adrenal metastases (5 cm on the left and 4 cm on the right) were observed. (E) CT scan performed on January 2009, during Sorafenib treatment, showing significant reduction in lymph node metastases (maximum diameter 1 cm). (F) Chronological description of serum suppressed thyroglobulin levels and treatments carried out for thyroid carcinoma.





Molecular and Protein expression Analyses

At the time of diagnosis, the only molecular analyses available in our laboratory concerned the search for BRAF and RAS mutations and ret/PTC rearrangements, which were negative in this patient. Therefore, now that the molecular analysis in our laboratory has been extended to numerous genes involved in thyroid carcinogenesis by means of both mass spectrometry and Sanger sequencing, we have decided to re-analyze this particular case. The molecular analysis of the DNA obtained from the formalin-fixed paraffin-embedded (FFPE) primary TC revealed the presence of a frameshift variant in exon 7 of PTEN (c.741dupA, p.P248Tfs*5) (Figure 2A) and a missense mutation in exon 5 of TP53 gene (c.404G>A, p.C135Y) in heterozygosis, both absent in the corresponding contralateral normal thyroid tissue (data not shown). Analyzing different frozen primary TC sections, we confirmed the presence of the PTEN p.P248Tfs*5 mutation in all specimens (data not shown). On the other hand, a heterogeneous TP53 molecular profile was observed in these samples: one harbored the TP53 p.C135Y mutant together with a splicing mutation in intron 8 (c.920-2A>G), the second harbored the TP53 p.C135Y variant together with another missense variant (c.398T>G, p.M133R), the third sample had only the p.M133R mutation, and the last had no TP53 mutations (Figure 2B). Evaluating the presence of these variants in patient’s FFPE lung and lymph node metastatic samples, the PTEN frameshift was detected in all tissues obtained pre- and post-Sorafenib treatment but, in the latter, at very low allelic frequency (Figure 2A). On the contrary, the two TP53 missense mutations in exon 5 were absent in all metastatic samples analyzed, while the splicing variant c.920-2A>G was present in lung metastases obtained both pre- and post-treatment and in the lymph node metastasis before starting Sorafenib (Figure 2C). Interestingly, at RNA level the TP53 p.C135Y mutation was found in homozygosis in the primary TC tissue (Figure 2D). The DNA recovered from the sample harbored the p.C135Y mutation in heterozygosis.




Figure 2 | Sequencing of the PCR amplicons corresponding to exon 7 of PTEN and to exons 5 and 9 of TP53 genes and of RT-PCR amplicon corresponding to exon 5 of TP53 in FFPE and frozen samples. (A) The PTEN p.P248Tfs*5 mutation was found in heterozygosity in the DNA extracted from FFPE primary TC and lung and lymph node metastases samples obtained before and after Sorafenib treatment. (B) Different mutational patterns observed for TP53 in four sections of primary TC. The first sample showed the presence of TP53 p.C135Y mutation in exon 5 and c.920-2A>G splicing variant in intron 8, the second harbored two TP53 mutations (p.M133R and p.C135Y), the third had only the p.M133R mutant, while the last had no mutations. (C) The c.920-2A>G splicing variant was found in all metastases analyzed with the exception of the lymph node metastasis obtained after Sorafenib treatment. (D) The analysis of TP53 transcript encompassing exon 5 showed the presence of the C135Y mutation in homozygous state in the cDNA obtained from frozen primary TC. TC, thyroid cancer; MTS, metastasis.



We then investigated the expression of p53 at protein level by immunohistochemistry. A peculiar pattern was observed in tissues analyzed: p53 was abnormal/over-expressed with high nuclear expression in primary TC (both FTC and PDTC areas) and normal in the contralateral normal thyroid tissue (Figure 3A). As far as metastases are concerned, all metastatic tissues had an abnormal/cytoplasmatic p53 staining with low nuclear expression (Figures 3B–D) with the exception of the lymph node obtained after Sorafenib treatment showing an abnormal/over-expressed p53 pattern with high nuclear expression (Figure 3E).




Figure 3 | Immunohistochemistry for p53 protein in FFPE primary TC, contralateral normal thyroid tissue, and lung and lymph node metastases obtained before and after Sorafenib treatment. (A) The immunostaining for p53 was wild type in the contralateral normal thyroid tissue (inset a*) and abnormal/over-expressed with high nuclear expression in primary TC, both FTC/PDCT (inset b*) and PDTC areas (inset c*). (B–D) Lung metastases obtained before (B) and after Sorafenib treatment (D) and lymph node metastasis before TKI (C) showed an abnormal/cytoplasmatic p53 staining with low nuclear expression (for each is shown a selected inset area). (E) The lymph node metastasis obtained after the TKI treatment showed an abnormal/over-expressed p53 pattern with high nuclear expression. FTC, follicular thyroid cancer; PDTC, poorly differentiated thyroid cancer; NT, normal thyroid; TKI, tyrosine kinase inhibitor. Scale bar are shown for each images.



Finally, evaluating the expression of mismatch repair proteins (MMRs), a positive nuclear staining was observed for all these markers (MHL1, MSH2, MSH6, and PMS2) in the tissues analyzed (Figures 4A–C), although not all nuclei in the primary tumor showed the expression of MMR antigens (Figure 4A). It is interesting to note that there is an almost total loss of MMR proteins in the tumor area corresponding to PDTC (Supplementary Figure S2). The immunostaining score for each protein analyzed is reported in Supplementary Table S1. Interestingly, the analysis of microsatellite instability (MSI) status showed no amplification of BAT25 and BAT26 loci in the primary TC (Supplementary Table S2). Copy number variation (CNV) analysis showed the presence of a loss of heterozygosity (LOH) for both loci in the primary TC (Figure 4D). On the other hand, a high MSI for D2S123 and D5S346 loci was found only in the lymph node metastasis obtained after Sorafenib treatment, as shown in Figure 4E.




Figure 4 | Immunohistochemistry for p53 and DNA mismatch repair (MMR) proteins and microsatellite instability (MSI) detection in available samples before and after Sorafenib treatment (A, C, D) A positive nuclear staining was observed for MHL1, MSH2, MSH6, and PMS2 proteins in all analyzed tissues samples. However, primary TC shows light staining and subclonal loss of expression in all MMR proteins. (B) CNV analysis shows the presence of a LOH for both BAT-25 and BAT-26 loci in the primary TC of our patient. (E) Peak analysis of D2S123 and D5S346 loci, performed using Genemapper 5 software, is clearly differently shaped in the lymph node obtained after Sorafenib treatment with respect to those of and contralateral normal thyroid tissue DNA, indicating a high microsatellite instability. TC, thyroid cancer; MTS, metastasis; NT, normal thyroid; CNV, copy number variation.





Discussion

To date, the molecular mechanisms associated with TC aggressiveness and resistance to TKIs treatments are not well understood. In the present study, we reported the case of a 35-year-old male patient with metastatic poorly differentiated (PDTC) and follicular thyroid carcinoma (FTC) treated with surgery, radioiodine, and Sorafenib. The patient, despite an initial partial response, died of progressive disease 21 months after diagnosis.

Molecular analyses of primary tumor and metastatic tissues showed the co-occurrence of a PTEN frameshift variant (p.P248Tfs*5) together with three TP53 mutations (p.C135Y, p.M133R, and c.920-2A>G) in some, but not all, samples analyzed. We are tempted to speculate that TP53 mutations occur in poorly differentiated tumor area, since 80% of the primary TC is composed by PDTC. The co-occurrence of both PTEN and TP53 mutations in thyroid and other cancers has already been reported (16, 17). In particular, the PTEN p.P248Tfs*5 variant was previously identified at somatic level in several solid tumors (COSM4986), but never in sporadic TC. On the other hand, the TP53 p.C135Y variant and the splicing mutation c.920-2A>G were already described in ATC [3, 18] and in other solid and hematopoietic tumors (COSM10801 and COSM33650). Finally, the TP53 p.M133R variant was reported at germline level in Li–Fraumeni syndrome and at somatic level in solid and hematopoietic tumors (COSM43730), but never in TC. It is possible to speculate that TP53 mutations.

Interestingly, the PTEN mutation is constantly found in primary TC, and all metastases analyzed were consistent with its clonal origin. It is worth to note that the allelic frequency of this mutation is lower in metastases obtained after Sorafenib treatment with respect to other samples, indicating a potential effect of the TKI treatment on tumor clones harboring the PTEN frameshift. On the other hand, a variable mutational pattern for TP53 was observed in primary TC and metastases samples (sections with either one or two or three mutations or entirely wild type for TP53). We excluded that these mutations are passenger ones, as they were previously reported in TC and other cancers and known to be non-functional pathogenic variants (p.C135Y and p.M133R, https://tp53.isb-cgc.org) or predicted to be likely pathogenic/pathogenic (c.920-2A>G, https://www.ncbi.nlm.nih.gov/clinvar). The finding of three mutations affecting the TP53 gene is not surprising, since FTC exhibits remarkable genomic instability evidenced by TP53 hyper-mutability (5). TP53 mutations seem to be subclonal, each present in only a subset of malignant cells, contributing to heterogeneity within the tumor and potentially to treatment resistance (19, 20). Indeed, preclinical and clinical evidence suggests that cancer harboring TP53 mutations are often resistant to TKI inhibitors (6, 21–25). Intriguingly, the p.C135Y mutation known to be a non-functional, dominant negative hot spot mutant (https://tp53.isb-cgc.org) (26) was found in homozygosis at RNA level in primary TC, suggesting a monoallelic expression (MAE) of the mutated allele. LOH of cancer-associated genes at DNA level is a common and important mechanism in carcinogenesis, but MAE at RNA level is a much less understood phenomenon. MAE may precede or enhance a mutation by expression of only the mutant or disease-related allele, having a role in tumor progression and clinical implications. High rate of MAE was previously observed in progressive brain tumors harboring TP53 mutations (27, 28), but never in TC. The finding of the TP53 p.M133R mutation in our patient is also intriguing, since germline mutations affecting the codon 133 cause the loss of the Δ133p53 isoforms and are frequently implicated in the development of Li–Fraumeni and Li–Fraumeni-like cancer predisposing syndromes (29). Although the precise functions of these isoforms is still poorly understood, syndromic forms of breast cancer are strongly associated with the loss of codon 133, indicating that the expression of Δ133p53 isoforms is critical for regulating p53 activity and carcinogenesis in some tissues (30). The presence of these two TP53 missense mutations within exon 5 in primary TC is in agreement with the nuclear p53 protein expression pattern. On the other hand, the TP53 c.920-2A>G splicing mutant is likely unable to enter the nucleus and accumulate in the cytoplasm, and, indeed, an abnormal/cytoplasmatic p53 staining was observed in all tissues harboring this mutation. The lymph node metastasis obtained post-Sorafenib is the only tissue that, despite an abnormal/over-expressed p53 staining with high nuclear expression, does not harbor TP53 mutations. For this sample, we cannot exclude the presence of mutations in intronic/regulatory regions or a LOH of the TP53 gene as far as the presence of alterations in other proteins of the DNA repair pathway that finally cause the inactivation of p53 protein. The possible involvement of defects in the DNA MMR proteins was also suspected, since the patient had multiple mutations. In our study, MMR proteins resulted to be functional in all tissue samples, although the primary TC showed a partial loss of MMR expression as already reported in a FTC case (31). Defects in MMR proteins are responsible for genomic instability, which can be evidenced by alterations in microsatellites markers. The primary TC, in which we detected a partial loss of MMR proteins, showed an LOH for BAT-25 and BAT-26 microsatellites. LOH for these loci were not shared by any metastatic site, but surprisingly, the lymph node metastasis obtained after Sorafenib treatment showed a MSI-High (MSI-H) for other two microsatellites (D2S123 and D5S346), but a normal MMR proteins expression. The discordant pattern of CNV for microsatellites between primary and metastatic sites may be explained by independent clonal evolution selected during the metastatic process. Moreover, the finding of MSI-H and MMR-proficient in the lymph node metastasis after Sorafenib is not surprising. Indeed, it is possible that some missense mutations in MMR genes can lead to functional inactivation of the corresponding protein without affecting its stability, antigenicity and expression level (32) or that some MSI-H tumors derive from alterations of MMR pathway-related proteins are not detectable by current technologies (33). It is exciting to find that the two tumor samples with abnormal nuclear expression of p53 protein (primary tumor and lymph node metastases after Sorafenib) show a high genomic instability, highlighting a strong relationship between MMR and the role of p53 in regulation of the cell-cycle arrest/apoptosis decision processes when DNA damage overwhelms a critical threshold. As recently reported (34, 35), subclonal expansions seem common in thyroid cancer cases with aberrant DNA repair with a selection of highly aggressive clones that will progress as what we observed in our patient.

Unfortunately, the patient’s general conditions deteriorated rapidly after surgery in June 2009, and thus, distant liver and adrenal metastases were not available for further molecular characterization. It is well-known that TKIs exert their effect through a cytostatic action, and, once started, a continuative treatment is needed to maintain a response to the disease. When the TKI treatment is stopped, as it happened for our patient, the escape phenomenon is observed, and the progression of the disease can become even more rapid.



Conclusion

In conclusion, we demonstrated the presence of genomic heterogeneity and instability in a patient with metastatic poorly differentiated (PDTC) and follicular thyroid carcinoma (FTC) refractory to all treatments. The rare combination of PTEN and TP53 mutations seems to be associated with a particular tumor aggressiveness and maybe with a possible resistance to TKI. This case report highlights the importance of characterizing both primary tumor and metastases at molecular level to predict the response to treatments. Indeed, the tumor heterogeneity can evolve during tumor progression or as a consequence of drug-dependent selection of a pre-existing or newly acquired resistant clones. For this reason, further studies are needed, and new therapeutic strategies will be explored, such as drugs able to restore the transcriptional activity of mutant p53 or immune checkpoint inhibitors useful in cancers with high level of microsatellite instability or with defects in MMR genes.
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Supplementary Figure 1 | Hematoxylin and eosin (H&E) and Ki-67 stainings performed on the primary thyroid cancer section showing Turin criteria. H&E staining showed the presence of (A) pleomorphic nuclei typical of follicular thyroid carcinoma, (B) convoluted nuclei, (C) tumor necrosis, (D) and a mitotic count of 8/2 mm2 (black circle).

Supplementary Figure 2 | Representative images of the immunohistochemistry for the DNA mismatch repair proteins MSH6 and MHL1 obtained for the primary thyroid cancer. (A) Both MHS6 and MLH1 were expressed in all nuclei of follicular cells in the tumor area corresponding to 20% FTC (A and C, respectively). On the other hand, the almost total loss of both MSH6 and MLH1 expression was observed in the nuclei of follicular cells in the tumor area corresponding to 80% PDTC (B and D, respectively).
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Background

Identifying individuals at a higher risk of developing cancer is a major concern for healthcare providers. Cancer predisposition syndromes are the underlying cause of cancer aggregation and young-onset tumors in many families. Germline genetic testing is underused due to lack of access, but Brazilian germline data associated with cancer predisposition syndromes are needed.



Methods

Medical records of patients referred for genetic counseling at the Oncogenetics Department at the Hospital Sírio-Libanês (Brasília, DF, Brazil) from July 2017 to January 2021 were reviewed. The clinical features and germline findings were described. Detection rates of germline pathogenic/likely pathogenic variant (P/LPV) carriers were compared between international and Brazilian guidelines for genetic testing.



Results

A total of 1,091 individuals from 985 families were included in this study. Most patients (93.5%) had a family history of cancer, including 64% with a family member under 50 with cancer. Sixty-six percent of patients (720/1091) had a personal history of cancer. Young-onset cancers (<50 years old) represented 62% of the patients affected by cancer and 17% had multiple primary cancers. The cohort included patients with 30 different cancer types. Breast cancer was the most prevalent type of cancer (52.6%). Germline testing included multigene panel (89.3%) and family variant testing (8.9%). Approximately 27% (236/879) of the tested patients harbored germline P/LPVs in cancer susceptibility genes. BRCA2, BRCA1, and TP53 were the most frequently reported genes, corresponding to 18.6%, 14.4%, and 13.5% of the positive results, respectively. Genetic testing criteria from international guidelines were more effective in identifying carriers than the Brazilian National Agency of Supplementary Health (ANS) criteria (92% vs. 72%, p<0.001). Forty-six percent of the cancer-unaffected patients who harbored a germline P/LPV (45/98) would not be eligible for genetic testing according to ANS because they did not have a family variant previously identified in a cancer-affected relative.



Conclusion

The high detection rate of P/LPVs in the present study is possibly related to the genetic testing approach with multigene panels and cohort’s characteristics, represented mainly by individuals with a personal or family history of young-onset cancer. Testing asymptomatic individuals with suspicious family history may also have contributed to a higher detection rate. A significant number of carriers would not have been identified using ANS criteria for genetic testing.
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Introduction

Carriers of cancer predisposition syndromes (CPSs) are at a higher risk of developing cancer. Familial aggregation, early-onset cancer, and the risk of multiple primary cancers are shared characteristics among CPSs (1, 2). Genetic counseling, modified surveillance, and risk-reduction strategies are essential in these scenarios. Therefore, health professionals involved in comprehensive health care, especially in the diagnosis and treatment of cancer, must be able to identify individuals at risk of hereditary cancer.

Clinical criteria used to be the main diagnostic tool for CPSs (3–5). Nevertheless, the discovery of cancer susceptibility genes (6) and the decreasing costs of DNA sequencing created a pathway for genetic testing implementation in the diagnostic framework. Genetic testing criteria have evolved rapidly in recent years (7–9). Despite this progress, global disparities exist, and access remains a critical concern (10).

Genetic counseling access, genetic testing costs, and lack of epidemiological hereditary cancer data are barriers to cancer predisposition assessments in Brazil and other Latin American countries (11). In Brazil, health insurance coverage for genetic testing was initiated in 2018. Although this coverage does not include all clinical scenarios eligible for genetic testing according to current international guidelines, it was the beginning of genetic testing access, at least for the Brazilian population with health insurance. Unfortunately, only 25% of Brazilians have health insurance, therefore genetic testing is not yet available for most citizens who depend on the public health system (12).

Epidemiological data are paramount to understand demands and opportunities for cost-effective interventions and resource allocation. The present study explores regional epidemiological data from Brazilian patients at risk for hereditary cancer. We also aimed to compare national and international guidelines criteria for germline genetic testing.



Methods

Individual patient data were retrospectively collected from medical records of patients referred to the Oncogenetics Department at Hospital Sírio-Libanês (Brasília, Federal District, Brazil) for genetic counseling between July 2017 and January 2021. Patients with a personal history of cancer and/or family history of cancer were included in the analysis. A waiver of informed consent was approved by the Institutional Review Board of Hospital Sírio-Libanês.

Data were anonymized by removing all patient identifiers. The collected data included sex, age at cancer diagnosis, cancer type, number of primary cancers, family history of cancer, and germline genetic test results. Family cancer history was obtained through pedigree analysis and/or information from proband’s medical records. Any cancer in first-, second-, or third-degree relatives was considered a positive family history of cancer. The concept of limited family structure proposed by Weitzel et al. (13), was adapted for this study. Limited family structure was defined as fewer than two first- or second-degree relatives surviving past 45 in either lineage, maternal or paternal. Patients with an unknown family history were also classified as having a limited family structure.

Criteria for germline genetic testing were revised according to national and international guidelines: (i) testing criteria published by the Brazilian National Agency of Supplementary Health (ANS); and (ii) NCCN Clinical Practice Guidelines on Oncology: genetic/familial high-risk assessment for breast, ovarian, and pancreatic cancer (version 2.2021) (14) and genetic/familial high-risk assessment for colorectal cancer (version 1.2021) (15). For hereditary diffuse gastric cancer, we used updated clinical practice guidelines proposed by Gullo etal. (16). Information about the commercial laboratory that performed the germline test, the testing methodology, and the number of genes evaluated were also collected. The classification of the variants described in this paper are those reported by the respective laboratories.


Statistical analyses

Data were tested for normality using the Kolmogorov–Smirnov and Shapiro–Wilk tests. Values are expressed as medians and percentiles for non-normal continuous variables and as means and standard deviations for normal continuous variables. Categorical data are presented as absolute values and percentages and were tested using the Pearson X2 and Fisher exact tests. Quantitative data were compared by applying Student’s t-test to compare the two groups for normally distributed variables and the Mann–Whitney U test for non-normally distributed ones. Statistical significance was set at P ≤0.05. Statistical analyses were performed using SPSS version 21.0 (IBM, NY, USA).




Results


General characteristics of the studied population

In total, 1,091 individuals from 985 families were included in this study. Female patients represented 83.6% (912/1091) of the cohort. At the first genetic counseling session, 66.0% (720/1091) of patients had a personal history of cancer. Thirty-one percent of patients (346/1091) were cancer-unaffected, 2.7% were under investigation for a malignant disease, 10.0% had a recent diagnosis of cancer, 13.0% were receiving oncological treatment (radiotherapy or chemotherapy), 34.6% had already completed cancer treatment, and 5% had metastatic disease. Disease status information was unavailable for 35 patients.

Most patients (93.5%, 1020/1091) had one or more family members affected by cancer. Most of these family members had cancer before the age of 50 years (64.0%, 653/1020). Twenty-three patients (2.1%) had a limited family structure or unavailable family history. One hundred and three patients (9.4%) were referred for genetic testing because of a previous identification of a familial germline pathogenic variant in a blood relative.

Of the 82.5% (900/1091) of patients who fulfilled international guidelines for genetic testing, 60.0% (655/900) were eligible for ovarian, breast, and pancreatic cancer genetic testing, 7.1% (78/900) for Lynch syndrome, 1.6% (18/900) for Li-Fraumeni syndrome, 1.4% (15/900) for adenomatous polyposis syndromes, and 2.8% (31/900) for other CPSs. Considering the ANS criteria, 57.5% (627/1091) of patients were eligible for genetic testing.



Cancer-affected patients

Approximately 62.0% (446/720) of patients with a personal history of cancer were under the age 50. The median age at first cancer diagnosis was 46 years (interquartile range [IQR], 37-55 years).

The cohort included patients with 30 different cancer types (Supplementary Material 1). Breast cancer was the most prevalent tumor (52.9%, 466/880), followed by colorectal cancer (8.3%), ovarian cancer (5.9%), thyroid cancer (3.7%), sarcoma (3.4%), renal cancer (3.2%), prostate cancer (2.6%), pancreatic cancer (2.4%), endometrial cancer (2.2%), neuroendocrine tumor (2.2%), melanoma (2.2%), and gastric cancer (2.0%).

Seventeen percent of patients (127/720) had multiple primary cancers. Of those, most patients had two primary cancers (81.0%, 103/127). A higher risk of multiple primary cancers was associated with young-onset cancers; however, this association was not statistically significant (p=0.263).



Germline testing results

Among the 879 patients who underwent germline genetic testing, 89.3% (n=785) underwent multigene panel testing. The remaining patients were tested using the following strategies: family variant testing (8.9%), BRCA1/BRCA2 gene testing (1.4%), and whole-exome sequencing (0.5%) (Figure 1). The four patients who underwent whole-exome sequencing were under investigation for CPSs and other disorders of genetic background, such as hereditary neuropathy, inborn errors of metabolism, and premature ovarian insufficiency.




Figure 1 | Genetic tests performed. (A) Type of genetic test performed. (B) Number of genes in the multigene panel. Abbreviations: MP, multigene panel; WES, whole-exome sequencing.



One hundred and twenty pathogenic or likely pathogenic variants (P/LPVs) in 34 genes were detected in 26.9% (236/879) of the tested patients. According to ACMG’s list of medically actionable genetic findings (17) and/or the list proposed by Desmond et al. (18), the prevalence of actionable P/LPVs would be 24.9% (n=219).

Variants of uncertain significance (VUS) were described in 402 patients (45.7%). Table 1 summarizes the clinical characteristics of patients who underwent germline testing. Most P/LPVs were found in cancer-affected patients (58.5% vs. 41.5%; p<0.001). Family members affected by cancer under the age of 50 and a history of multiple primary cancers were independently associated with germline P/LPVs identification (p< 0.05).


Table 1 | Clinical profile of the patients who underwent germline testing for CPSs.



Among 269 cancer-unaffected patients who underwent genetic testing, 36.4% (n=98) harbored a P/LPV. Fifty-four percent (53/98) of those patients were tested due to previous identification of the variant in another family member (cascade testing).

Heterozygous P/LPVs in BRCA2 (18.6%), BRCA1 (14.4%), TP53 (13.6%), MUTYH (9.7%), and CHEK2 (5.9%) were the most frequently reported genetic findings. Fourteen patients harbored a monoallelic P/LPV associated with recessive disorders (NTHL1, RECQL4, ERCC3, FANCA, and BLM). Table 2 shows the distribution of germline P/LPVs according to the cancer type.


Table 2 | Distribution of tumors according to germline P/LPVs identification.



Thirteen patients harbored two P/LPVs. One was homozygous for a pathogenic variant of MUTYH. Four patients (1.7%, 4/236) had an overlap of high/moderate penetrance P/LPVs for autosomal dominant CPSs (Supplementary Material 2). Eight patients harbored monoallelic variants in high/moderate penetrance cancer genes associated with autosomal dominant inheritance and a second variant in a gene associated with a recessive disorder (MUTYH, FANCA, NTHL1) or low penetrance cancer (TYR).

Testing criteria

Sixty-two percent of the tested patients (550/879) fulfilled both the international guidelines and ANS criteria, 19.9% fulfilled only the international guidelines criteria, and 8.1% underwent germline testing despite not meeting testing criteria.

Genetic testing criteria from international guidelines were more effective in identifying P/LPV carriers than the ANS criteria (92% vs. 72%, p<0.001). Both approaches would have missed some diagnoses, including approximately 10% (19/191) of patients screened by international guidelines and 14% (66/464) of those screened by ANS criteria.




Discussion

This study analyzed data of 1,091 Brazilian individuals from 985 different families, referred to genetic counseling due to personal and/or family history of cancer. This is the largest single center Brazilian cohort, from the Center-West of the country, that underwent germline genetic testing with multigene panels for hereditary cancer. Germline genetic tests guide high-risk surveillance, risk-reduction recommendations, and cancer treatment (15, 16, 19–23). The detection rate of germline P/LPVs varies according to criteria selection for testing and testing approaches (24–26). Although most Brazilian patients have limited access to hereditary cancer risk assessment (12, 27), our results provide some insights on genetic testing for hereditary cancer in Brazil.

The present cohort comprised a highly selected population with access to private healthcare and molecular testing. Most patients referred to genetic counseling met clinical criteria for germline testing (82.5%). A personal history of multiple primary cancers and family history of cancer under 50 were important predictors of a positive test result, in line with previous studies (28–30). International criteria more effectively identified P/LPV carriers in cancer susceptibility genes than ANS criteria (92% vs. 72%, p<0.001). Both criteria missed 10-14% of P/LPV carriers. Other studies have already highlighted that current testing criteria may not be able to identify all carriers (31–33). For this reason, some authors advocate for universal screening in some clinical scenarios (9, 34–36). Nevertheless, before advocating for universal genetic testing, we must ensure equitable access to interventions associated with positive test results (37).

In addition, cost-effectiveness of genetic testing may be affected by cascade testing, which involves identifying asymptomatic family members at risk (38). Our study demonstrated that 36.4% of the tested cancer-unaffected patients harbored a P/LPV in a CPS gene. Among these patients, only 54% had a previously identified family variant that made them eligible to pursue genetic testing according to ANS criteria. ANS only endorses germline testing for asymptomatic patients who have a relative with previous identification of a germline P/LPV. This finding should prompt discussion among Brazilian regulatory agencies and medical societies who are involved in revising national guidelines.

Approximately 27% of all tested patients harbored one or more PV/LPVs in cancer susceptibility genes, which is similar to study results from India (39) but higher than other studies (9, 40, 41). We attributed this difference to a highly selected sample including patients with previous identification of a family variant (9%), patients that did not meet genetic testing criteria (8.1%) and the use of large multigene panels (95% ≥ 50 genes). Universal genetic testing is indicated for some cancer types (e.g. epithelial ovarian cancer) and has been debated for other clinical scenarios (e.g. breast cancer, colorectal cancer) (7, 9, 42). Higher rates of positive genetic test results are achieved with the universal testing approach in comparison to the criteria-based (9, 31). In addition, Tsaousis et al. (43) demonstrated that depending on the number of genes included in the multigene panel, the identification of PVs can increase from 15.1% to 24.7%, and the higher range may be attributed to 4.5% of PVs in low-risk/limited data genes. In our cohort, fourteen patients harbored a monoallelic P/LPV associated with recessive disorders (NTHL1, RECQL4, ERCC3, FANCA, and BLM) and one patient harbored PV in a low penetrance cancer gene (TYR). The actionability in carriers of recessive disorders are related to reproductive risks.

The most frequently mutated genes in our cohort were BRCA2 (18.6%), BRCA1 (14.4%), TP53 (13.6%), and monoallelic MUTYH (9.7%). Interestingly, a recently published nationwide Brazilian study, with the largest breast cancer patient cohort (n= 1663) submitted to genetic testing, also described these genes as the most mutated among patients with positive genetic test results (44). In contrast to the cohort from Guindalini’s paper, we included patients with different types of cancer. However, our sample was enriched by breast cancer patients; therefore, a high prevalence of P/LPVs in BRCA1/2 was expected. The high rate of P/LPVs in the TP53 gene described in our study is possibly related to the founder effect that the p.Arg337His (p.R337H) variant exerts in Brazil, and a possible selection bias associated with referrals to our team of specialists in Li-Fraumeni syndrome. This variant is found in up to 0.3% of the population of the southern and southeastern regions of the country (45), and in lower frequencies in other Brazilian regions (46, 47). Unlike BRCA1/2 and TP53, monoallelic MUTYH P/LPVs are not associated with breast cancer but may predict earlier colorectal screening in families affected by colorectal cancer.

Hereditary cancer awareness is growing rapidly. Professional education in hereditary cancer risk assessment, including multidisciplinary team training, strategies to optimize genetic counseling referrals, and genetic testing access, improve CPSs identification rates (11, 48). In Brazil and other low- or middle-income countries, the socioeconomic barrier impact health care access. Despite the worldwide advocacy for broad genetic testing access (49, 50), uninsured patients remain a concern. Providing access to genetic testing without assurance of all subsequent preventive and treatment opportunities may bring more harm than benefit (37). Continuous efforts in private and public settings should be made to pursue equitable hereditary cancer diagnosis and management.

Despite some limitations related to the retrospective nature of this study, as well as, the fact that it consisted of a highly selected sample from a single center, our results might form the basis for prospective studies and national collaborative efforts to achieve higher quality data that will impact policy makers.



Conclusion

The Brazilian ANS testing criteria should be revised to consider inclusion criteria for germline testing of cancer-unaffected patients with a suspected family history of CPS. Multigene panels provide high rates of P/LPV detection and should be considered a first-tier strategy. Hereditary cancer awareness among health care providers, genetic counseling training, and education for the proper interpretation of genetic test results, including understanding their clinical validity and utility, should be available in private and public settings.
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Introduction

Oral squamous cell carcinoma (OSCC) constitutes a major subset of head and neck squamous cell carcinoma (HNSCC) and accounted for an estimated 0.37 million cases in the year 2020 (1). The high morbidity and mortality of OSCC pose a great challenge to its management (1, 2). The overall 5-year survival rate in OSCC is comparatively lower (~50%) than that in many other cancers (3, 4). For example, in India, 0.13 million new cases were detected, whereas 75,000 patients died in 2020 (1). Current treatment modalities include surgery, radiotherapy, chemotherapy, or their combinations. These are successful in patients with primary tumors, whereas patients with high-risk features (invasion/perineural invasion, metastasis, T3/T4 stage, or involvement of two or more lymph nodes) show less improvement. There is no clinical evidence to support the likely outcome in the case of high-risk oral cancer (5, 6).

Patient response to chemotherapy has been linked to tumor lineage and genetics. Changes in cellular gene expression in response to small-molecule treatments can provide insights into cellular processes governing the clinical outcome. Identifying the responsive features and mechanism of action is of immense value in cancer therapy and can be critical for the development of novel medicines. Furthermore, the heterogeneous response of patients to cancer therapies and the frequent development of drug resistance highlight the importance of a therapeutic response (7, 8). However, an accurate prediction of a therapeutic response and the identification of new anticancer drugs have remained a challenging task.

In recent years, the increasing understanding of genomics and the advent of next-generation sequencing (NGS) with advancements in bioinformatics approaches have made it possible to identify potential molecular targets for the betterment of chemotherapy. Numerous cancer studies with the help of NGS were able to identify novel and rare somatic mutations in more efficient and accurate ways. In a variety of cancers such as bladder cancer, renal cell carcinoma, small-cell lung cancer, prostate cancer, acute myelogenous leukemia, and chronic lymphocytic leukemia, researchers were able to accurately identify genetic alterations. On the other hand, together with NGS, the bioinformatics approach was successful in exploiting the heterogeneous nature of cancer to develop cancer diagnostic, prognostic, and predictive markers (9). Gene-based approaches are being used for the development of new therapeutic agents. The targeted approaches have been proven highly useful in the development of therapies for many cancers (10).

Doxorubicin is known to inhibit the topoisomerase-II (TOP2) activity in eliciting its antineoplastic effect. It is one of the most effective anticancer drugs widely used in the treatment of several cancers including breast cancer, lung cancer, gastric cancer, ovarian cancer, thyroid cancer, non-Hodgkin’s and Hodgkin’s lymphoma, multiple myeloma, sarcoma, and pediatric cancer (11). High toxicity and early resistant phenotype have limited the use of doxorubicin (12). Thus, it is imperative to study the molecular changes associated with doxorubicin resistance. Therefore, in the current work, we aimed to explore gene expression changes in the response to doxorubicin treatment in OSCC using various datasets and the ways to reduce the chances of emergence of such resistance by molecularly targeted therapies. We have also identified potential ligands that may increase the effect of doxorubicin and/or can delay the progression of drug-related resistant phenotypes or sensitize oral cancer cells to chemotherapy.



Materials and methods


Data collection and differential gene expression analysis

In the present study, data were collected from two sources: The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) and Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/). Since we wanted to analyze OSCC data, we further filtered out the OSCC samples according to the International Classification of Diseases (ICD) code. The ICD classifies diseases based on the site of disease occurrence (Supplementary Table S1). Finally, 319 OSCC and 44 normal adjacent tissue (NAT) samples were obtained. Additionally, two more datasets were obtained from GEO (13, 14): 1) mRNA expression profiling data of 27 OSCC patients (GEO ID-GSE23558) and 2) mRNA expression profiling data of the doxorubicin-treated SCC25 cell line (GSE58074). Two replicates of each (mock and treatment) were taken for expression analysis. The clinical details of TCGA patients are given in Supplementary Table S2.

The gene expression analysis was performed using R studio (http://www.rstudio.com/) version 3.4.4 using the limma-voom library for TCGA samples, whereas GEO samples were analyzed using GEO2R. Genes with |log2FC ≥1| and p-value<0.05 were considered significantly differentially expressed genes (DEGs). The ggplot2, complex heatmap, and circular library in R were used for volcano plot and heatmap. Common DEGs in all of the three datasets were considered genes of interest for further analysis.



Functional enrichment analysis

Gene Ontology (GO) and pathway enrichment of common genes present in all of the datasets were used to identify enriched biological events as a result of doxorubicin perturbation. We have used Reactome (https://reactome.org) (15, 16) and GO (http://geneontology.org/) (17, 18) online databases for enrichment analysis of the gene sets. Enriched biological pathways and GO terms were considered significant if p-value ≤0.05.



Cox proportional hazards regression

Cox proportional hazards regression (Coxph) is a semiparametric model used to predict the outcome of disease based on one or more predictors in survival time (time-to-event) through the hazard ratio (HR) function. It assumes that the effects of predictor variables have an additive effect on the hazard, i.e.,

	(1)

where h(t) is the hazard at time t for a subject with a set of predictors x1…xn, h0(t) is the baseline hazard function, and β1,.,βn are the model coefficients describing the effect of the predictors on the overall hazard. HR is used for the interpretation of the Cox model. The HR examination shows selective factors that influence the rate of an event happening (e.g., death) at a particular point in time. An HR above 1 indicates a predictor that is positively associated with the event probability (death) and thus negatively associated with the length of survival, indicating worse prognosis; a negative HR indicates a protective effect of the predictors with which it is associated; while an HR equal to 1 means no effect. The DEGs were subjected to a Cox regression analysis using the “survival” package in R (https://github.com/therneau/survival).



Identification of biomarker signature and validation of prognosis-related genes

Machine learning (ML) is becoming popular in cancer biology in identifying prognostic, diagnostic, and therapeutic biomarkers. Therefore, we implemented two commonly used machine learning algorithms, viz., random forest (RF) and partial least square (PLS) regression method, to identify prognostic targets. RF is a frequently used algorithm for the identification of prognostic biomarkers in many diseases including cancer (19, 20).



Survival analysis

To evaluate the reliability of the predicted prognosis signature, Kaplan–Meier (K-M) plots were generated to estimate the survival of the patients based on their median mRNA expression. An mRNA expression above the median value was considered high, whereas an expression below the median was counted as low expression. The R package “survival” was used to plot the patient’s overall survival (OS), and significance was calculated based on the log-rank p-value. To further reflect the sensitivity and specificity of signature mRNAs, we employed a time-dependent receiver operating characteristic (ROC) curve analysis via the R package “survivalROC.”



Risk assessment and validation of the risk model

The risk score is an additive model of the mRNA expression level multiplied by their Cox regression coefficient. The risk score was calculated as follows:

	(2)

The median risk score was used to divide the patients into high- and low-risk groups.



Use of the protein–protein interaction network to understand the potential signature biomarker

Next, we constructed the protein–protein interaction (PPI) network to understand the importance of key targets in the human interactome. The Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) database (https://string-db.org/) was used to create a PPI network of identified genes with a cutoff score of >0.4, which was equivalent to medium confidence. Subsequently, a cluster analysis using MCODE (21) was done to decipher the modules in the created network. To understand the functional significance of the modules, pathway analysis was done using Reactome (www.reactome.org).



Identification of candidate small-molecule drugs


Protein structures

The X-ray crystal structures of SERPINE1 [Protein Data Bank (PDB): 4AQH], CCNA2 (PDB: 1H1R], PLAU (PDB: 1OWE), and CKS2 (PDB: 5HQ0) were used in the current studies. The three-dimensional (3D) structure of BOP1 is not available in the PDB.



Homology modeling

The 3D structure of BOP1 was modeled by a homology modeling approach using modeler v9.20. Delta-blast was used to identify suitable templates for modeling against the PDB database. The template was selected based on the expected value (E-value), bit score, and percentage of query coverage and identity. The carboxy-terminal domain of Erb1 of Escherichia coli (PDB-ID: 4U7A chain A, identity 40.1%, coverage 83%) was finally selected as the template to model the structure of BOP1. Twenty models were generated for each protein, and the final model was selected based on the lowest molpdf score.




System setup and molecular dynamics simulation

In the current study, the preliminary topology and coordinates for all proteins were generated in VMD v1.93, whereas the simulations were run in NAMD v2.14. All protein structures (BOP1, PLAU, SERPINE1, CKS2, and CCNA2 after stripping cocrystallized ligands) were prepared and solvated in a rectangular water box (TIP3P water model) with a buffering distance of 10 Å. Ions were added to ensure the electroneutrality of the solvated system. The SETTLE algorithm was used for the water molecules. The associated system topology and coordinates were generated by applying charmm34 force field parameters for molecular dynamics (MD) simulation. Prior to the simulation, the system was properly minimized with a stepwise minimization protocol. Firstly, the water molecules and ions were minimized that was then followed by hydrogen atoms and the side chains of the complex. The side chains were minimized for 40,000 steps, whereas the backbone atoms and the bond lengths of hydrogen atoms were kept fixed. Thereafter, all of the atoms were allowed to relax freely, and the whole system was energy-minimized for 40,000 steps with nominal restraints on Cα atoms (10 kcal/mol) to prevent any abrupt change in the structure. Subsequently, an equilibration protocol was followed where the system was heated gradually from 0 to 310 K in steps of 30 K with a canonical ensemble [constant volume, constant temperature (NVT)]. At each step, a 20-picosecond (ps) simulation was run to allow the system to adjust to the temperature. Once the system attained 310 K, an isobaric and isothermic ensemble [constant pressure, constant temperature (NPT)] was applied for a period of 100 ps with a constant pressure of 1.0 bar using Langevin dynamics. Finally, the applied restraints on Cα atoms were removed, and the system was equilibrated for 1 ns at 310 K using the Langevin piston coupling algorithm. During the whole simulation, the Particle Mesh Ewald (PME) algorithm was used to calculate the long-range electrostatic interactions with fixed periodic boundary conditions. The covalent bond interactions involving hydrogen were constrained using the SHAKE algorithm. Once the system was simulated with a constant 310 K temperature and 1.0 bar pressure, then the production run was done for a time period of 100 ns. The analyses of the MD trajectories were performed to analyze the structure and dynamic behavior of all proteins during MD. The trajectories were analyzed for root mean square deviation (RMSD) and radius of gyration (Rg); these analyses were performed using VMD and in-house Perl and Tcl scripts. Five additional equidistant frames were generated from each trajectory for ensemble docking studies.

To study the stability of the protein–ligand complex, another simulation was run for 300 ns with selected ligands docked in the protein targets. The ligand parameters were generated using the Antechamber module of AMBER12 molecular simulation package (www.ambermd.org). The complex was solvated in a box of water with 10 Å buffering distance. AMBER parameters and coordinate files were generated using the tleap module of AMBER12. Equilibration and simulation were done using NAMD v2.14 as described above. The trajectories were analyzed for RMSD, hydrogen bonds, and salt bridges to assess the stability and strength of the interactions between the ligand and the protein.



Molecular docking

The frames obtained from the MD simulation for the selected proteins were prepared using the protein preparation wizard module of Schrödinger molecular modeling software v9.3. OPLS-2005 force field was used for energy minimization, whereas Schrödinger’s LigPrep module was employed to generate 3D conformers and energy minimization of the potential small-molecule drugs from the US Food and Drug Administration (US FDA) library. A maximum of 32 conformers were generated per ligand. Before docking, the grid box (active site) was defined as residues within 5 Å of cocrystallized ligands. The active site of the modeled proteins or proteins without cocrystallized ligands was predicted through the sitemap algorithm as implied in Schrödinger. Docking was performed using standard precision (SP) mode with flexible ligand sampling in Schrödinger’s Glide module. The average docking score was calculated based on the glide score in the five frames. The flowchart of methodology is given in Figure 1.




Figure 1 | Methodology for identification of drug response related signature and identification of their inhibitors. The TCGA samples had 319 OSCC & 44 normal samples. GSE23558 had 27 OSCC patients’ data. GSE58074 examined the effect of doxorubicin on SCC25 cell lines to check for molecular markers underlying doxorubicin response..






Results


Identification of differentially expressed genes

We identified 3,976, 5,418, and 1,241 DEGs in TCGA, GSE23558, and GSE58074 datasets, respectively. In TCGA samples, 2,163 genes were overexpressed and 1,813 genes were underexpressed, whereas 2,221 and 3,197 genes were found overexpressed and underexpressed, respectively, in GSE23558. In GSE58074, which contained doxorubicin-treated cell line data, 724 genes were overexpressed and 517 genes were underexpressed (Figure 2A and Supplementary Table S3). Among the three datasets, 168 common DEGs were identified. These were considered for further analysis (Figure 2B). DEGs are represented in a volcano plot with log2FC and -log10 p-value (Supplementary Figure S1). The heatmap represents the expression of common DEGs from the three datasets, with 134, 132, and 85 overexpressed genes and 34, 36, and 83 underexpressed genes in TCGA, GSE23558, and GSE58074, respectively (Figure 2C and Supplementary Table S3). From the heatmap, it is clearly visible that genes that are overexpressed in cancer prior to any treatment get downregulated after treatment and vice versa, whereas some of the genes present do not respond to the treatment, as there are no changes in their expression patterns.




Figure 2 | Differentially expressed genes (A) Bar graph representing total DEGs both up (blue) and down (yellow) in three datasets. (B) Venn diagram showing number of DEGs (common and unique) among TCGA, GSE23558 and GSE58074. A total of 168 common DEGs were obtained. (C) Heatmap shows DEGs related to doxorubicin response (GSE58074) and non-treated samples in OSCC from TCGA and GSE23558. Three types of distinct expression pattern are discernible (1) 52 genes overexpressed (orange) in all the three data sets, (2) 76 genes underexpressed in GSE58074 (purple) while overexpressed in TCGA (orange) and GSE23558 (orange), and (3) 26 genes underexpressed in TCGA (purple) and GSE23558 (purple) while overexpressed in GSE58074 (orange).





Functional enrichment analysis

The common DEGs (n = 168) were studied for functional enrichment to investigate their involvement in various cellular processes. The top 10 enriched GO functions and pathways are shown in Figure 3. Biological process (BP) terms related to immune response, biological stress, cell proliferation, and survival were found to be significantly enriched. Enriched cellular component (CC) terms include extracellular related components, protein complex, membrane-bound components, and cellular vesicles. Molecular function (MF) enriched terms included various signaling pathways involved in ligand–receptor complex, enzymatic functions, G protein–related function, kinases, and other protein-binding functions. Pathway enrichment shows that most of the signaling related to cell cycle and its regulation such as G2/M transition, nucleotide salvage pathways, and DNA damage bypass. The detailed pathway and GO term information is provided in Supplementary Table S4 and Supplementary Figure S2.




Figure 3 | Enriched GO terms and pathways (top 10) common DEGs associated with doxorubicin response. (A) biological process, (B) cellular components, (C) molecular function, and (D) pathways.





Exploration of prognostic biomarkers

The prognostic significance of the selected DEGs (168 genes) was assessed through univariate Coxph regression analysis. A total of 59 genes were found to be significantly (p-value<0.05) associated with OS (Figure 4A and Supplementary Table S3). As indicated earlier, the higher values of HR (HR >1) indicate worse prognosis, whereas negative HR values (<-1) show favorable prognosis. Next, machine learning algorithms, viz., RF and PLS regression, were employed to identify the potential predictive prognostic signature genes. We selected the top predictive genes based on the robustness of the prediction. A cutoff percentile score of ≥80 was used; nine genes were selected from RF, whereas seven genes were predicted by PLS (a total of 16) (Supplementary Table S5). Then, we performed survival analysis to identify the potential prognostic markers. We found that five genes, viz., BOP1, PLAU, SERPINE1, CCNA2, and CKS2, were significantly related to the survival of the patients. The risk assessment score was calculated with the help of Cox regression analysis that resulted in the following equation (Eq. 2) and was used to determine the risk score (high and low):

	(2)




Figure 4 | (A) Volcano plot of cox regression showing hazard ratio (HR) for 168 genes. (B) Patient stratification according to risk score to predict the survival time of patients with high- and low-expression level of prognostic genes. (C) ROC depicting the effect of selected genes on overall survival (1, 3, and 5 years). (D–H) depict the effect of signature gene expression on overall survival of OSCC patients..



Importantly, low-risk patients have a low expression of these mRNAs as compared with those of high-risk patients (Figure 4B). It can be seen clearly in Figures 4D–H that the low–risk score group had better OS; therefore, the expression of the identified mRNAs has significant impact on the OS of the patients. To further assess the accuracy of the prognostic model, we constructed an ROC curve to assess the impact of the expression of these genes on patients’ OS for 1, 3, and 5 years. The ROC curve is shown in Figure 4C, and the area under the curve (AUC) was 0.773, 0.806, and 0.928 for 1, 3, and 5 years, respectively.



Assessment of the Five Prognostic Signature Genes Across Cancers

The Cox regression and Machine learning (ML) analysis showed that overexpression of the identified genes is related to poor prognosis. Furthermore, we investigated the expression of these genes across different cancers and OS of patients to assess their clinical importance. For this, we have used GEPIA2 database (22). GEPIA2 retrieves data from TCGA and the Genotype-Tissue Expression (GTEx) portal. The expression analysis showed that these five genes were significantly upregulated (|log2FC >1|, p-value<0.05) in most of the tumor tissues as compared with those in normal tissues (Figure 5A and Supplementary Table S6). Survival analysis across various cancers showed that a high expression of these five genes is related to poor survival in most of the cancers (Figure 5B). Moreover, we also checked the expression of these genes in response to drug treatment. For this, we analyzed the expression array data available in the NCBI-GEO dataset (Supplementary Table S7). Two types of analysis were done: 1) expression analysis in drug-sensitive cells and 2) expression analysis in drug-resistant cells (Figures 5C, D). We found that the mRNA expression level decreased for most of the genes upon drug treatment. For example, CCNA2 mRNA levels were found to be decreased significantly with fold change -1.07, -4.33, -1.06, and -4.17 when treated with romidepsin, SNAO32, dauricine, and doxorubicin in A549, primary ovarian cancer, BxPC3, and MCF7 cell lines, respectively. Similarly, PLAU, CKS2, and SERPINE1 mRNA levels were also found to be decreased in response to various drugs, whereas in the case of the drug-resistant cell line, an increase in mRNA expression levels of PLAU, CKS2, CCNA2, BOP1, and SERPINE1 was observed. For example, PLAU showed increased mRNA expression with fold changes of 2.14, 1.8, 1.5, 1.4, and 1.2 in Panc1 gemcitabine-, MKN28 gemcitabine-, AsPc1 cisplatin-, IGROV1 cisplatin-, and IGROV1 oxaliplatin-resistant cell lines, respectively. Additionally, we analyzed the presence of genetic alterations (e.g., amplification, mutation, deletion, structural variant) in these five genes using CBioPortal (https://www.cbioportal.org/), which is an online consortium for cancer genomics. We investigated the TCGA Pan-Cancer Atlas dataset for the genomic alteration study (23, 24). It clearly showed that amplification is the most common alteration observed in BOP1, PLAU, SERPINE1, and CKS2 across the cancers, whereas in CCNA2, mutation and deep deletion are prevalent (Supplementary Figure S3).




Figure 5 | Expression & significance of selected prognostic genes. (A) Differential gene expression analysis across different cancers. Red, blue and white squares depict over, under and insignificant expression respectively. It is clear that these genes are upregulated in most of the cancers. (B) Survival map: Red and blue squares indicate poor survival due to over and under expression respectively. The figure clearly indicates the expression of these genes have significant effect on survival of the patients across cancers. (C) Heatmap represents expression level of these genes in drug sensitive cells. These genes were found to be significantly differentially expressed (|log2Fc| > 1 and pvalue < 0.05). The down- (blue) and up- (red) regulated genes in response to drug; green square indicates down-regulated genes with significant pvalue but |log2Fc| < 1. Grey square indicated no differential expression. (D) The expression of selected genes in drug resistant cells. Red and blue squares indicate significant (|log2Fc| > 1 and pvalue < 0.05) up- and down-regulated genes; yellow square indicates up-regulated genes with significant pvalue (|log2Fc| < 1); grey square indicated no differential expression of the genes.





Protein–protein interaction network

The PPIs are at the heart of various molecular mechanisms. Therefore, a PPI network was constructed to understand the interactions of selected proteins with other proteins in the human interactome for better understanding of their regulatory roles (Figure 6). We identified three distinct clusters in the network; the proteins in those clusters are involved in 1) the regulation of rRNA processing; 2) the regulation of the cell cycle; and 3) angiogenesis, growth factors, and transcription factors such as Suppressor of Mothers against Decapentaplegic (SMAD) SMAD2/SMAD3. The overall network analysis indicates that these genes are connected to many important genes, and targeting them will affect cellular processes playing critical roles in the pathogenesis of OSCC.




Figure 6 | PPI network for selected genes (pink circles) to understand their interactions & significance. Other interacting proteins are depicted in blue circles. Three clusters are visible. The enriched functions are shown along the clusters.





Molecular dynamics simulations

The MD analysis was performed to assess the flexibility of the binding site that is not discernible through PDB structures. The generated structural ensembles were used for the identification of small-molecule binders. MD simulations were done for 100 ns on each protein (total 500 ns), and the stability of the simulation was evaluated using RMSD. The RMSD values reveal the structural changes that occurred during the MD. The RMSD plots for all proteins indicated that each system was stabilized quickly and then remained stable throughout the simulation time, as evidenced by the movement of the RMSD curve within 2 Å. These plots suggested that each system was quite stable for the docking study. Five equidistant frames for each protein at 20-ns distance (from 100-ns simulation), representing the dynamics of the protein structure, were extracted. Docking studies were then performed on these frames.



Screening of potential compounds from the US Food and Drug Administration–approved library

The binding affinity of US FDA-approved drugs with each of the proteins was assessed through molecular docking. The average glide docking score (average of five frames) was used to identify potential binders of the individual proteins. The top 20 compounds for each protein, based on their glide score, are given in Supplementary Table S8. Details for individual proteins are given below.

BOP1 is a RNA-binding protein involved in ribosome biogenesis, cell cycle, and cell proliferation (25). The docking analysis indicated saquinavir to be the best binder with an average docking score of -10.9 (Figure 7A). The active site of BOP1 is surrounded by multiple beta sheets forming a barrel-like structure. The molecule saquinavir is ensconced in a pocket lined by Trp182, Pro104, Pro229, Pro63, Thr181, Pro368, Gly184, Leu266, Val268, and Val309. Analysis of docking poses indicates that saquinavir has several hydrogen-bonding interactions with residues, viz., Trp182, Val268, and Val309.




Figure 7 | Virtual screening of FDA approved drugs against identified proteins. Top scoring 20 molecules for each of the five proteins are shown in heatmap (figures A–D). The first column depicts the heatmap of docking scores in five MD frames. The average docking score is also depicted for better understanding. In the second column, proteins are shown in cartoon while the ligands are shown in sticks. The dotted lines depict hydrogen bonds. The third column depicts the interaction map of the ligand receptor interactions. The pink arrows show hydrogen bonds. The arrowhead depicts the HB-acceptor molecule. Pi-pi stacking interactions are depicted by green line. (A) The docking of saquinavir with BOP1. It makes hydrogen bonding interactions with backbone of TRP-182, VAL-268, VAL-309, and sidechain of THR-181. (B) The binding of molecules in CCNA2. The diacetolol is shown in blue sticks. The ligand makes hydrogen bonds with Tyr347 (C) The binding of ligands in PLAU. NADH is shown in binding site of PLAU. It makes hydrogen bonding interactions with THR30, TYR31, LYS154, and SER157. (D) The binding of ligands in SERPINE1, and docked molecule labetalol. The drug forms hydrogen bonds with sidechain of ASP-95, TYR37.



CCNA2 (cyclin A2) binds with both CDK2 and CDK1. It is required for entry into the S and M phases of the cell cycle. The overexpression of CCNA2 leads to cell growth and proliferation. Diacetolol was found to be the best binder, with an average docking score of -7.6. It is a beta-blocker used as an antihypertensive and antiarrhythmic agent. The docking study indicated that the ligand diacetolol binds in a cavity lined by residues His233, Gln337, Ser340, Tyr347, Tyr350, Pro352, Val354, Ile355, Ala356, Cys390, Asp393, and Leu394 of CCNA2. It makes HB interaction with Tyr347 (Figure 7B). It can be an attractive chemotherapeutic option for OSCC.

PLAU encodes a serine protease (uPA) that converts plasminogen to plasmin. uPA is involved in the degradation of the basement membrane and extracellular matrix (26). PLAU is one of the potential biomarkers for HNSCC and several other cancers. Nicotinamide adenine dinucleotide hydrogen (NADH), argatroban, diminazene (DIZE), and pentamidine are among the molecules that showed good binding affinity with PLAU. NADH binding to PLAU is shown in Figure 7C. It makes hydrogen-bonding interactions with Thr30, Tyr31, Lys154, and Ser157. NADH, due to its role in energy production, may help against wastage and weakness of cancer patients. It is also used to improve mental alertness. It can be given orally and has cleared clinical trials as a chemotherapeutic agent for other illnesses (27).

SERPINE1 (PAI-I) inhibits the plasminogen activator uPA/uPAR complex that promotes cell matrix degradation and cell migration. Overexpression of SERPINE1 is highly associated with poor survival in primary tumor, lymph node, and head and neck cancer metastasis. The docking study showed that NADH, reproterol, and labetalol bind to SERPINE1 with high affinity. The molecule labetalol makes hydrogen-bonding interactions with Tyr37, Ser41, Asp95, Phe117, and Arg118. The phenyl ring sits in the vicinity of hydrophobic residues such as Phe64, Ile66, and Phe117 (Figure 7D). We could not find a good binder for CKS2. The overall analysis indicates that the identified small molecules hold potential as possible therapeutics for OSCC and other cancers.



Stability analysis of the drug–ligand complex

Post docking MD simulation was run to check the stability of the ligands inside the binding cavity of the proteins. The stability of the simulation was analyzed by RMSD. The hydrogen bond interactions between ligand and protein were also calculated to check their strength.

The RMSD analysis of the MD simulation of the BOP1–saquinavir complex indicated that the simulation stabilized at about 10 ns. At about 40 ns, there is a slight change in ligand RMSD (<1 Å). Thereafter, the trajectory is very smooth, and both the protein and ligand RMSDs show a very stable trajectory (Figure 8A). The hydrogen bond analysis showed that saquinavir has two hydrogen-bonding interactions (with Thr149 and Trp150) with >50% occupancy (Table 1), which indicates that the HB interactions are strong and the BOP1–ligand complex is highly stable.




Figure 8 | The stability analysis: The root mean square deviation (RMSD) analysis for the protein-ligand complexes. The RMSD of protein is shown in red while the RMSD of ligand is shown in blue. (A) RMSD for BOP1-Saquinavir complex. (B) RMSD for PLAU-NADH complex. (C) RMSD for CCNA2-Diacetolol complex. (D) RMSD for SERPINE1-Labetalol complex.




Table 1 | Hydrogen bond analysis between the ligand and the protein.



The RMSD during the MD simulation of the PLAU–NADH complex initially increases until about 10 ns; afterward, its movement is confined in a small window (<2 Å) (Figure 8B). This clearly indicated that the simulation is stable. The ligand RMSD was also calculated. It shows a close trend as that of the protein, again indicating good stability of the ligand inside the binding cavity. Hydrogen bonds of the ligand with Lys154 and Tyr31 showed occupancy of about 71% and 23%, respectively (Table 1). All of these observations point to the high stability of the NADH–PLAU complex. The RMSD analysis of the MD simulation of the CCNA2–diacetolol complex indicated that the simulation stabilized quickly, as indicated by the movement of the RMSD in a narrow window. Both the protein and ligand RMSDs show a stable trajectory; however, we could not find a strong hydrogen bonding interaction between diacetolol and CCNA2 (Figure 8C and Table 1).

The MD simulation of Serpine1 indicated that after an initial increase, the RMSD gets stabilized quickly, as indicated by a rangebound (<2 Å) movement of the RMSD curve (Figure 8D). The ligand RMSD was also calculated, and it showed movement in a very narrow window, indicating the stability of the simulation and that of the complex. The HB analysis indicated that the hydrogen bond between the ligand and Asp95 is highly stable, as measured by an occupancy of >60% (Table 1). Overall analysis indicates that the Serpine1–labetalol complex is highly stable.




Discussion

In recent years, prognosis-based gene signature identification has been of immense interest for the prediction of outcome or for evaluation of the course of a disease (28, 29). Therapeutic biomarker prediction models are currently in focus to identify predictive factors of the response to chemotherapy (30, 31). Non-responding cancer cells are either refractory to chemotherapy or have acquired resistance during the course of the treatment. Both are strongly related to molecular alteration of the targets. The major challenge is acquired chemoresistance during treatment, which eventually leads to cancer regrowth, even if the tumor initially responds to the chemotherapeutic agent. Moreover, reports suggest changes in gene and protein expression levels in cancer tissues and cell lines after chemotherapy. For instance, a xenograft study has shown that drug treatment (5-fluorouracil and cisplatin) first reduces the expression level of drug-specific sensitivity-related genes followed by their upregulation in the regrowth phase and emergence of chemoresistance in esophageal cancer (32). Chemoresistance, either intrinsic or acquired, contributes to the low survival of the patients, necessitating the need for identification of drug-specific sensitivity-related markers and their modulators to enhance the sensitivity of cancer cells to subdue/delay chemoresistance. One such example is inhibition of the Phosphoinositode-3-kinase/AKT serine/threonine kinase (PI3K/AKT) pathway to increase the sensitivity and reverse acquired resistance of esophageal cancer cells to chemotherapeutic drugs (33). Thus, it is imperative to identify the therapeutic targets that not only are advantageous in predicting the clinical outcome but also can resolve the emerging chemotherapy-related issues as well.

In our study, using different genomic data, we examined the changes in gene expression before and after treatment to investigate the key genes, pathways, biomarkers, and risk gene signature. Interestingly, we found that most of the genes that were highly expressed in OSCC patients are found to be significantly downregulated after doxorubicin treatment. We also get another cluster of genes whose expression does not change significantly after doxorubicin treatment. In fact, the expression of some of them increases further. In total, 168 overlapping DEGs were found from the three datasets and were considered for further study. Five gene signatures (SERPINE1, PLAU, BOP1, CKS2, and CCNA2) were proposed in this study through Cox regression and machine learning. The overexpression of these genes increases the risk of adverse outcome. Application of Cox regression resulted in an equation that can be used for risk stratification of OSCC patients. From the survival analysis, we were able to predict that increased expression of these genes is related to poor prognosis of the patients. A similar study found SMA and SERPINE1 to be significantly associated with prognosis in OSCC (34); SERPINE1, PLAU, and ACTA1 acted as both diagnostic and prognostic markers (35). Another study by Liu et al. (36) identified an eight-gene prognostic signature in HNSCC that included PLAU. CCNA2 is identified as an independent indicator of worse OS and may serve as a reliable biomarker to identify high-risk subgroups with poor prognosis in OSCC (37). Moreover, these five genes were highly expressed and reported to be associated with cancer progression in various cancers including HNSCC (35, 38), glioblastoma multiforme (GBM) (39), epithelial ovarian cancer (40, 41), gastric cancer (42, 43), breast cancer (44, 45), bladder cancer (46, 47), esophageal cancer (48), colorectal cancer (49, 50), hepatocellular carcinoma (51), melanoma (52), and non-small cell lung carcinoma (NSCLC) (53). In cancer pathogenesis, these genes perturbed numerous cellular mechanisms such as extracellular matrix (ECM) modulation, epithelial-to-mesenchymal transition (EMT), cell migration, and angiogenesis (39, 47–49, 54–59). Interestingly, from a genetic study, we also found that gene amplification in SERPINE1, PLAU, BOP1, and CKS2 is the primary cause of their overexpression, except in CCNA2, where mutation is the predominant cause in HNSCC. Experimental evidence showed that amplification of these genes occurs at both mRNA and protein levels in several cancers such as breast cancer (60, 61), prostate cancer (62), rectal cancer (63), hepatocellular cancer (51), NSCLC (64), gastric cancer (65), and tongue cancer (66).

Overexpression of these markers is indicative of poor prognosis and corresponds to chemotherapy resistance. We showed that initially during chemotherapy, there is downregulation of these genes in the responsive cancer (Figure 5C), but as treatment continues, these genes are upregulated to give rise to chemoresistant phenotypes (Figure 5D). We examined the mRNA expression of these five genes with different drug treatments, which include doxorubicin, cisplatin, oxaliplatin, gemcitabine, topotecan, temozolomide, paclitaxel, JQ1, romidepsin, dauricine, and SNSO32, in various cancers to support our outcome. All of the drugs that we used in our study have DNA as their target and inhibit DNA replication or transcription. In another analysis with the drug olaparib, which is a poly(ADP-ribose) polymerase 1 (PARP1) inhibitor (GSE165585), we found that our genes of interest were not significantly expressed (Supplementary Table S3). In support of our results, we found that PARP1 inhibitors help in the sensitization of temozolomide-resistant glioblastoma cancer (67). We found that after drug treatment, gene expression changes from high to low or low to high or remains unchanged. Further additional new gene expression was also seen. We found that during the period of treatment responsiveness, our genes change their expression level from low to high again, which is the same as the prior treatment. Other studies have also determined the involvement of these genes in resistance generation, for example, SERPINE1 is upregulated in cisplatin-resistant oral cancer cell lines (SCC9, SCC4, and H357) (68) and paclitaxel-resistant breast cancer (44). In the context of therapeutic potential, SERPINE1 has been identified as a potential therapeutic target, as it acts as a pro-proliferative oncogenic factor (69). PLAU is found to be upregulated in cisplatin-resistant oral cancer cell lines (68). Both PLAU and SERPINE1 were found to be highly expressed in breast cancer patients with adjuvant endocrine therapy and related to shorter disease-free survival and OS (70). Whereas in vivo, BOP1 downregulation was reported to inhibit paclitaxel resistance and Cancer stem cells (CSC)-like phenotype in triple-negative breast cancer (TNBC) cells (71). In estrogen receptor–positive (ER+) breast cancer, tamoxifen resistance is correlated with the overexpression of CCNA2 (72). CKS2 in complex with SSPB1 regulates mitochondrion DNA replication in cervical cancer and can be indicative of chemoradioresistance (73). In the present study, we found that these genes are upregulated and are related to resistance, and they are involved in vital biological processes (Figure 9); therefore, targeting these genes can be of immense therapeutic benefit.




Figure 9 | Pictorial depiction of identified genes in biological pathways. Red blunt lines indicate that their pharmacological inhibition can inhibit major functions involved in gene expression, cell proliferation and metastasis.



Thus, it is imperative to identify modulators that can check aberrant expression of these genes and increase the barrier toward the emergence of chemoresistance. In this milieu, we also identified small-molecule ligands that can enhance the efficacy/sensitivity of chemotherapeutic agents. A combination of molecules targeting proteins can provide a potent therapeutic option with reduced changes of emergence of chemoresistance. Many of the identified molecules are already reported to be effective against cancers such as colorectal, breast, and lung. Some of the selected proteins are involved in mutually exclusive pathways, as evident from the network analysis, and thus have different mechanisms of action. Simultaneously targeting them can be advantageous to both primary tumor and advanced metastatic tumors. Most of the top-scoring molecules for BOP1 were HIV protease inhibitors, e.g., saquinavir, indinavir, nelfinavir, and ritonavir (Norvir). They are reported to induce cell death in both the chemosensitive and chemoresistant ovarian cancer cell lines in a dose-dependent manner (74). The lopinavir/ritonavir combination is reported to have significant inhibition on cell growth and migration, whereas it enhanced radiosensitivity in HNSCC cell lines (75). The anticancer potential of protease inhibitors is already reported in various previous publications. Some of these molecules are in clinical trials. Therefore, they may present attractive options as targeted chemotherapeutic agents against chemosensitive and chemoresistant OSCC as well (76–78). Moreover, BOP1 inhibition provides additional advantage for non-cancerous cells by inducing a cytoprotective nucleolar stress response and reducing damage to normal tissues from anticancer drugs such as camptothecin or methotrexate. It is reported that BOP1 inhibition together with camptothecin results in selective killing of p53 null cells, producing a synergistic effect (79, 80). PLAU encodes uPA, commonly associated with cancer progression via apoptosis inhibition and breakdown of the ECM. It also promotes angiogenesis (81). PLAU, as a top identified molecule, inhibits various biological functions such as NADH due to its role in energy production and may help against wastage and weakness of cancer patients. It is also used to improve mental alertness. It can be given orally and has cleared clinical trials as a chemotherapeutic agent for other illnesses (27). Argatroban, which is an antithrombotic agent, inhibits the metastasis in breast cancer (82) and melanomas (83). It has significant antineoplastic effect on gliomas as well (84). It downregulates the MAPK/ERK and STAT phosphorylation that results in a reduction of interleukin (IL)-6, IL-12, and tumor necrosis factor (85). The antiparasitic pentamidine has been shown to be effective against various human cancers such as melanoma (86), breast cancer (87), lung cancer, ovarian cancer, and cervical cancer (88, 89). However, the mechanism of its antineoplastic action has not been elucidated fully. Overall, these results infuse great confidence in our analysis. Labetalol, which we have identified as a SERPINE1 binder, blocks both alpha and beta adrenoceptors and has been used for the treatment of hypertension. Alpha-blockers have been reported to increase recurrence-free survival (RFS) (90). Recently, it has been suggested that beta-blockers hinder mechanisms that initiate tumorigenesis, angiogenesis, and metastasis. Beta-blockers have shown good antineoplastic activity in various cancer cell lines. They are also reported to increase the effect of anticancer chemotherapy (91, 92). Therefore, labetalol, having a mix of alpha- and beta-blocker activities, can be a potential candidate for the treatment of OSCC. Reproterol is a β2-agonist used as an antiasthmatic drug. Thus, we suggest that targeting BOP1 and/or PLAU can be advantageous against both primary and metastatic tumors. Their inhibitors can also be combined together with fluorouracil and methotrexate (93). We have also identified CCNA2 ligands, whereas no direct small-molecule inhibitors for CCNA2 are yet known. While targeting the CCNA2 function, we will be able to target the S/G2/G2-M phase of the cell cycle.



Conclusion

In this study, we have identified changes in the gene expression level as a result of treatment in OSCC. Applying machine learning techniques and Cox regression, we constructed a five-gene-based prognostic signature that can stratify the patients (high and low risk). It is evident that overexpression of these genes is related to poor prognosis and reduced survival in many cancers including OSCC. They are also related to the emergence of chemoresistance against many drugs. Changes in their expression levels, pretreatment, posttreatment, and resistant cell lines make them suitable for targeting. We have also identified potential molecules that can bind to these proteins with high affinity. Since the identified proteins are involved in disparate processes, a combination of molecules targeting them can provide a potent therapeutic option with reduced chances of chemoresistance. We hope that this study provides new avenues for the design of better chemotherapeutic agents especially against chemoresistance in OSCC.
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Introduction

Functional single-nucleotide polymorphisms (SNPs) in genes regulating cellular uptake, elimination, and metabolism of xenobiotics may potentially influence the outcome of chronic myeloid leukemia (CML) patients treated with BCR-ABL1 tyrosine kinase inhibitors (TKI). Dasatinib, a second-generation TKI, is a substrate of the ABC-superfamily xenobiotic transporters ABCB1 (MDR1, Pg-P) and ABCG2 (BCRP). Pregnane X receptor (PXR, NR1I2) and constitutive androstane receptor (CAR, NR1I3) are involved in the control of expression of ABCB1 and ABCG2.



Aim of the study

In this study, we assessed the impact of inherited variants in ABCB1, ABCG2, PXR, and CAR genes on dasatinib efficacy and toxicity in CML.



Materials and methods

Sixty-one tagging SNPs in ABCB1, ABCG2, PXR, and CAR genes were analyzed by real-time quantitative PCR with specific probes in 86 CML patients who failed imatinib therapy.



Results

We found the associations between SNPs rs7787082 (ABCB1, OR = 0.2; 95% CI = 0.06-0.66, p = 0.008), rs12505410 (ABCG2, OR = 3.82; 95% CI = 1.38-10.55; p = 0.010), and rs3114018 (ABCG2, OR = 0.24; 95% CI = 0.08-0.71; p = 0.010) and the probability of achieving CCyR. Furthermore, progression-free survival (PFS) was significantly influenced by SNPs rs3732357 (HR = 0.2, 95% CI = 0.26-0.70; p = 0.001), rs3732360 (HR = 0.59; 95% CI = 0.38-0.93; p = 0.020), rs11917714 (HR = 0.58; 95% CI = 0.36-0.92; p = 0.020), and rs3732359 (HR = 0.57; 95% CI = 0.36-0.91; p = 0.024) in PXR; rs2307418 (HR = 2.02; 95% CI = 1.19-3.43; p = 0.048) in CAR; and rs2235023 (HR = 2.49; 95% CI = 1.13-5.50; p = 0.011) and rs22114102 (HR = 1.90; 95% CI = 1.00-3.63; p = 0.028) in ABCB1. Moreover, overall survival (OS) was impacted by rs3842 (HR = 1.84; 95% CI = 1.01-3.33; p = 0.012) and rs2235023 (HR = 2.28; 95% CI = 1.03 = 5.02; p = 0.027) in ABCB1, rs11265571 (HR = 1.59; 95% CI = 0.82-3.08; p = 0.037) and rs2307418 (HR = 73.68; 95% CI = 4.47-1215.31; p = 0.003) in CAR, and rs3732360 (HR = 0.64; 95% CI = 0.40 = 1.04; p = 0.049) in PXR. Taking into account the influence of the tested SNPs on treatment toxicity, we found a significant relationship between allele G of polymorphism in the ABCB1 rs7787082 (OR = 4.46; 95% CI = 1.38-14.39 p = 0.012) and hematological complications assuming the codominant gene inheritance model as well as a significant correlation between the presence of minor allele (G) of SNP rs2725256 in the ABCG2 gene (OR = 4.71; 95% CI = 1.20-18.47; p = 0.026) and the occurrence of non-hematological complications assuming a recessive gene inheritance model.



Conclusion

Our data suggest that inherited variants in the genes encoding for proteins involved in the transport of xenobiotics may modify the toxicity and efficacy of dasatinib therapy in CML patients.
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Introduction

Chronic myelogenous leukemia (CML) is a rare hematological malignancy with an yearly incidence of one per 100,000 individuals (1). The molecular background of the disease has been elucidated since the discovery of the Philadelphia (Ph) chromosome, a consequence of the reciprocal translocation between chromosomes 9 and 22 and the resulting BCR-ABL1 fusion gene that encodes for constitutively activated tyrosine kinase (2, 3). Introduction of imatinib, the first-generation BCR-ABL1 tyrosine kinase inhibitor (TKI), has been a great proof of concept of targeted therapy and has dramatically improved CML prognosis (4). However, approximately one-third of patients develop primary or secondary resistance to imatinib (5). Second-generation TKIs such as dasatinib, and later nilotinib and bosutinib, were introduced to treat imatinib-resistant or intolerant CML patients and subsequently also become first-line treatment options (6, 7).

Dasatinib has a different chemical structure than imatinib and higher potential to inhibit BCR-ABL1 kinase (8). The drug targets a broader spectrum of kinases including SRC kinases, and this contributes to its efficacy as well as specific side effects in CML (9). The pharmacokinetic properties of dasatinib are similar to other TKIs. After oral administration, the molecule binds plasma proteins and is metabolized by liver P450 cytochrome family enzymes (mainly CYP3A4) as well as FMO-3 and UDT-glucuronylotransferase. The process of dasatinib excretion from cells is mediated by ATP-binding cassette (ABC) transporters ABCB1 and ABCG2 (10). ABC transporters are a conserved family of membrane proteins responsible for cell protection against xenobiotics (11).

The expression of genes involved in metabolism and excretion of xenobiotics including the ABC genes is regulated by specific xenosensors—genes that are activated as a response to higher concentrations of xenobiotics. Among them, PXR (NR1I2) and CAR (NR1I3) possess specific DNA-binding domains built up from zinc fingers which enable them to recognize DNA elements, characteristic for enzymes taking part in metabolism of xenobiotic substances (12, 13). PXR and CAR stimulate the expression not only of ABCB1 and ABCG2 but also of cytochrome P450 enzymes and many other genes (14, 15). It was shown that single-nucleotide polymorphisms (SNPs) in the aforementioned genes impact on the metabolism of various drugs (16, 17).

The present study aimed to define genetic markers influencing the outcome of dasatinib therapy in patients with imatinib-resistant or intolerant CML. To that end, we analyzed 61 tagging SNPs in ABCB1, ABCG2, PXR, and CAR genes and studied their effects regarding different parameters of response depth and duration as well as toxicity in CML patients.



Materials and methods


Patients

The study included 86 Polish Caucasian CML patients treated in five tertiary hematological centers in Poland (Department of Hematology, Medical University of Łódź; Department of Hematology, Jagiellonian University Medical College, Kraków; Department of Hematology, Medical University of Gdańsk; Department of Hematology, Copernicus Specialist Municipal Hospital, Toruń; Department of Hematology, Teaching Hospital No 1, Rzeszów). The group included 43 women and 43 men with a median age of 48 years at CML diagnosis (range 18-100). All patients received imatinib at 400 mg/day as a first-line treatment with TKI. The initial dose of dasatinib administered in the second (after imatinib failure) or third (after imatinib and nilotinib failure) line of therapy was 100 mg/day. Complete clinical and laboratory data concerning the course of dasatinib therapy were collected for the analyses of the association with the tested SNPs. Cytogenetic responses were evaluated by classical chromosome banding technique or FISH. The BCR-ABL1 gene expression was assessed by quantitative real-time PCR according to standard protocols described elsewhere (18).



Clinical endpoints

For the purpose of this analysis, we used definitions of treatment endpoints consistent with the European Leukemia Net recommendations (19). Cytogenetic response (CyR) was defined as complete (0% of Ph chromosome, CCyR), partial (1%–34% of Ph chromosome, PCyR), minimal (35%–65% Ph chromosome, mCyR), and no response (>65% of Ph chromosome). Optimal cytogenetic response was categorized as CCyR achievement within 12 months from treatment start. Molecular responses were defined as complete (CMR) when the BCR-ABL1 gene transcript level was below 0.01%, major (MMR) when the BCR-ABL1 gene transcript level was between 0.01% and 0.1%, and no response when the BCR-ABL1 gene transcript level was >0.1%. Optimal molecular response was defined as achievement of at least MMR within 18 months from treatment start. Progression-free survival (PFS) was defined as the interval between start of dasatinib treatment and CML progression or death from any cause, or last follow-up without progression. Overall survival (OS) was counted as the time between dasatinib treatment start and date of death, or last follow-up when the patient was still alive. Analyzed adverse events of the treatment with dasatinib included hematological toxicities of grade 3 or 4 and any non-hematological complication of grades 2–4.



Polymorphism selection

Tagging SNPs for ABCB1, ABCG2, PXR, and CAR were selected using the Tagger algorithm, available through Haploview (20), using pairwise SNP selection with a minimum r2 threshold of 0.8.

The set of common genetic variants (sequences including 5 kb upstream of the first exon and 5 kb downstream of the last exon of each gene), with minor allele frequency (MAF) ≥5% in Caucasians from the International HapMap Project (21), was included for ABCB1, ABCG2, PXR, and CAR. This process resulted in a selection of 26 tagging SNPs for ABCB1 (average r2 of tagging SNPs with the SNPs they tag = 0.958), 17 SNPs for ABCG2 (average r2 = 0.965), 11 SNPs for PXR (average r2 = 0.975), and seven SNPs for CAR (average r2 = 1.000). This selection therefore captures a very high degree of the known common variability in these genes (22).



Genotyping

DNA was isolated from peripheral blood samples using DNA Blood Mini Kit (Qiagen) and genotyped. Duplicates of 8% of the samples were interspersed throughout the plate for ensuring the internal quality controls. Both TaqMan (ABI, Applied Biosystems, Foster City, CA, USA) and KASP (KBioscence, Hoddesdon, UK) technologies were used for genotyping according to the manufacturer’s protocol. PCR plates for TaqMan as well as KASP assays were read on a Viia7 Real-Time PCR platform (Applied Biosystems). The Viia7 RUO Software (Applied Biosystems) was used to determine the genotypes. In our analysis, all individuals with a call rate <80% were excluded from further investigation.



Statistical analysis

Statistical significance of the associations between selected parameters of response to dasatinib therapy and genetic variants was evaluated using R v2.11 software. Logistic regression was used to assess the association between the genetic variability of the SNPs and treatment efficacy, defined by the following endpoints: CCyR at 12 months, MMR at 18 months. Treatment toxicity was investigated with logistic regression as well, using the following endpoints: appearance of any non-hematological toxicities of grades 2–4 including fluid retention, hematological toxicity of grade 3 or 4. These endpoints were used as dichotomous variables. To study the associations between SNPs and PFS and OS, Cox proportional hazard regression was used. SNPs were analyzed according to the following inheritance models: “co-dominant,” where the homozygous major allele (reference category) was compared separately with two different genotypes that include the minor allele (heterozygotes and homozygotes for the variant allele), and “recessive,” whereby the comparison groups were minor homozygous genotypes against the rest (combining heterozygotes and homozygotes for the major allele). The most significant test between the codominant and the recessive genetic models was used to determine the statistical significance of each association of each SNP. All analyses were adjusted by age at diagnosis, sex, CML phase, Sokal score, and use of dasatinib in the second or third line. The results of logistic regression analyses were expressed as odds ratios (OR), and the results of Cox regression analyses were expressed as hazard ratios (HR), with 95% confidence intervals (CI). The results were adjusted for multiple comparisons by Bonferroni correction which was calculated as p = 0.05/(61 SNPs × 2 models) = 0.00041.



Functional characterization of the SNPs

For the SNPs that achieved statistical significance, several online databases were used for analysis of the influence of SNPs on cellular processes such as transcription or association with protein activity.

RegulomeDB is a database that assigns SNPs to predicted and known regulatory sites in the human genome regions that affect transcriptional processes, DNAase hypersensitivity regions, transcription factor binding sites, and promoter regions.

HaploReg is a tool designed to search for significant effects of SNPs in haplotype blocks, including SNPs in disease-related loci, on gene expression levels and protein activity. Using HaploReg, it is possible to assess whether specific SNPs are located in the eQTL (expression quantitative trait loci) loci and to check the effect of SNPs on gene regulatory regions. GTEx is a database that allows to search for relationships between genetic variation (including SNPs) and the expression of genes and proteins in individual tissues.




Results


Clinical data

Eighty-six Polish Caucasian CML patients treated in five tertiary hematological centers in Poland were genotyped within the present study. The characteristics of the study population are described in Table 1. The majority of patients was diagnosed in the chronic phase (85%). Only 6% of the patients carried additional cytogenetic aberrations; the remainder were characterized only by the presence of the Ph chromosome. Regarding Sokal score, 43% of patients were diagnosed as low risk, and 31% and 26% were characterized as intermediate and high risk, respectively.


Table 1 | Summary of the dasatinib treatment results.



Eighteen patients (21%) discontinued imatinib due to intolerance to the treatment, 68 patients (79%) due to disease progression. The median duration of imatinib treatment in these patients was 637 days (1.75 years), while the median duration of dasatinib treatment, calculated as the time between the initiation of therapy and the last medical check-up, was 1,492 days (4.09 years). The overall survival and PFS of the cohort is showed in Figure 1.




Figure 1 | The Kaplan-Meier plots showing overall survival (A) and progression- free survival  (B) in the whole cohort of 86 CML patients treated with dasatinib.



All patients received imatinib as first-line therapy of CML in the standard dose of 400 mg once daily and were later treated with dasatinib at 100 mg/day due to the ineffectiveness or intolerance of imatinib. Patients treated with dasatinib right after imatinib treatment (in the second line) accounted for 91% (78 patients) of the group, while eight patients (9%) received dasatinib in the third line, after nilotinib was given for imatinib failure or toxicity.

Sixty-five patients (76%) had no changes in dasatinib dosage while in five cases (6%) the dose was subsequently increased to 140 mg/day at the physician’s discretion and 16 (18%) patients had the dose decreased to 80 mg/day due to toxicity. The main complications that occurred during the follow-up in the present analysis were fluid retention (15 patients, 17%) and hematological complications including thrombocytopenia, cytopenia, neutropenia, lymphopenia, and agranulocytosis (33 patients, 38%). Other undesirable effects included pulmonary hypertension, abdominal pain, arrhythmias, and increased creatine kinase level.



Genotyping quality control

Genotyping of 61 preselected SNPs for ABCB1, ABCG2, CAR, and PXR was successful in all included patients. The average call rate was 98.42% ranging from 85.25% to 100%. Genotype distributions were in accordance with the Hardy–Weinberg equilibrium for all tested loci.



Influence of SNPs on cytogenetic and molecular response to dasatinib

The analysis using a logistic regression model identified the significant impact of tested SNPs on the probability of achieving CCyR following dasatinib treatment. Assuming the codominant model of inheritance, noteworthy associations (p < 0.05) were found between the achievement of CCyR after 12 months of therapy and the following SNPs: ABCB1 gene: rs7787082, PXR rs2461818 and two SNPs in the ABCG2 gene: rs12505410 and rs3109823 (Table 2). Assuming a recessive inheritance model, statistical significance was observed for two SNPs in the ABCG2 gene: rs2622621 and rs3114018 (Table 2). No significant results were found regarding the potential influence of SNPs on the probability of the achievement of MMR after 18 months of dasatinib treatment.


Table 2 | Associations between selected SNPs and cytogenetic response after 12 months of treatment as well as incidence of hematological and non-hematological complications.





Influence of SNPs on dasatinib therapy side effects

There was no significant association between tested clinical factors and the occurrence of analyzed side effects including grade 2–4 non-hematological complications or grade 3 and 4 neutropenia or thrombocytopenia. In contrast, a noteworthy correlation was observed between rs7787082, in the ABCB1, and the occurrence of grade 3 or 4 hematological complications assuming the codominant inheritance model. Furthermore, a significant association was found between rs2725256 in ABCG2 and occurrence of non-hematological complications assuming a recessive model of inheritance (Table 2).



Influence of SNPs on OS and PFS on dasatinib therapy

We found a statistically significant influence of Sokal score on OS (HR = 1.34, 95% CI = 1.21-2.09, p = 0.001). No other clinical pretreatment parameter was related to patients’ survival functions. Interestingly, assuming the codominant inheritance model, there was a significant correlation between four SNPs (ABCB1 rs3842, ABCB1 rs2235023, CAR rs11265571, PXR rs3732360) and OS in the patients treated with dasatinib. Furthermore, rs2307418 in the CAR gene impacted OS assuming a recessive inheritance model.

Moreover, seven tested SNPs significantly influenced the probability of PFS. Assuming the codominant model of inheritance, these were the following SNPs: CAR rs2307418 PXR rs3732357, ABCB1 rs2235023 ABCB1 rs22114102 PXR rs3732360, and PXR rs11917714 PXR rs3732359 (Table 3 and Figure 2).


Table 3 | Associations between selected SNPs, overall survival, and progression-free survival during dasatinib treatment.






Figure 2 | Kaplan-Meier plots for progression- free survival in regard to the presence of rs3732357 (A), rs3732359 (B), rs3732360 (C), and rs11917714 (D) in the PXR gene in the co-dominant inheritance model.





Functional SNP annotation

Table 4 shows a summary of the potential functional impact of the tested SNPs based on HaploReg, RegulomeDB, and GTEx databases. The table includes SNPs that showed statistical importance in this analysis.


Table 4 | Summary of bioinformatic SNP annotations.



The RegulomeDB portal achieving scores 1–3 indicates the probability of the analyzed SNP belonging to the sequence affecting the binding process of transcription factors. All tested SNPs scored 4, 5, and 6, which means that the binding of transcription factors is very unlikely.

Analysis with HaploReg showed the probable influence of SNPs on the regulation of genes. Noteworthy is the influence of some studied SNPs on the family of FOX transcription factors, which affect a number of cellular processes. All details are included in Table 4.

In the present work using the GTEx portal, a significant link with the gene expression level was demonstrated for most of the candidate SNPs tested. However, only for SNPs rs12505410, rs2622621, rs3109823 in ABCG2 were the associations in blood cells, while the rest were in tissues not related to CML pathogenesis.




Discussion

We used a candidate gene approach to evaluate the impact of inherited genetic differences on the outcome of CML treatment with dasatinib. The ABCB1 and ABCG2 genes, encoding for known transporters of dasatinib, and PXR and CAR xenosensor genes, with the role of transcription factors for many genes which take part in the pharmacokinetic processes, were chosen for analysis.

A tagging approach was applied to capture the common genetic variability of ABCB1, ABCG2, PXR, and CAR and resulted in a selection of a total of 61 tagging SNPs that were subsequently genotyped in 86 CML patients treated with dasatinib in the second and third lines of treatment.

Significant amount of data has been reported regarding the influence of SNPs in drug transport and metabolism genes on imatinib, another TKI. Kim et al. investigated the influence of SNPs in genes potentially involved in metabolism of imatinib. They found that the rs2231137 GG homozygotes (ABCG2), rs776746 AA (CYP3A5) homozygotes, and advanced stage strongly correlated with poor response to treatment with imatinib; however, the SLC22A1-rs683369 GG homozygotes and advanced stage were correlated with therapy failure (23). Seong et al. analyzed the impact of SNPs in cytochrome P450 enzymes and drug transporters on the imatinib concentration in plasma and clinical response in CML patients. They concluded that rs2231142 (421C>A) situated in ABCG2 is highly associated with MMR achieved by CML patients (24). In contrast, Takahashi et al. showed that homozygotes AA in the same SNP had a higher imatinib concentration than CC (25). In our study, rs2231142 (421C>A) in ABCG2 showed no statistically significant association on dasatinib treatment endpoints.

However, to the best of our knowledge there are little data available regarding influence on inherited background in ABC transporters on dasatinib therapy in CML. Skoglund et al. found that wild-type ABCG2 had a protective effect against the cytotoxicity of all investigated tyrosine kinase inhibitors in exception of bosutinib. Skoglund et al.’s finding of SNPs ABCG2 421C>A, 623T>C, 886G>C, and 1574T>G showed a reduction in ABCG2 cell membrane expression and the protective effect of ABCG2 against imatinib, CGP74588, dasatinib, and nilotinib cytotoxicity (26). In our study, rs2231142 (421C>A) showed no significance regarding dasatinib treatment endpoints.

To our knowledge, there are no publications available on the effect of single-nucleotide polymorphisms in the PXR and CAR nuclear receptor genes on the outcomes of dasatinib treatment in CML patients. However, based on the results of our work, it is assumed that such an influence exists. Analysis of SNPs showed that rs2461818 in PXR has an influence on achieving clinical outcome expressed through CCyR after 12 months (OR = 0.16; 95% CI = 0.03-0.89; p = 0.036). The CAR and PXR proteins belonging to the same family of nuclear receptors are known as transcription factors for genes involved in the metabolism of exogenous substances and their removal from the body (13). As CAR stimulates the expression of proteins related to imatinib metabolism ABCB1, ABCG2, ABCC2, hOCT1, and CYP3A4 (13, 27, 28), genetically influenced changes in the activity of this gene product may have an indirect effect on the plasma concentration of imatinib and thus potentially also the effects of TKI BCR-ABL1 treatment. Although dasatinib belongs to the same group of drugs, its molecular structure and metabolism differ from that of imatinib, which may result in a different response to treatment in the context of the same polymorphic changes, as evidenced by the obtained results.

Loscocco et al., in their study, examined SNPs in genes from the ABC family (ABCB1, ABCG2, ABCC1, ABCC2) to determine their effectiveness in treatment with another tyrosine kinase inhibitor—nilotinib—in a group of 90 CML patients. They found that CC and CT genotypes in ABCC2 rs3740066 as well as the TT genotypes in ABCB1 rs1045642 correlated with a higher probability of achieving MR3 in a shorter time (p = 0.02, p = 0.004, and p = 0.01), where the GG genotype of ABCG2 rs2231137 was associated with a lower probability of MR3 achievement (p = 0.005). Moreover, the ABCC2 rs3740066 CC genotype and the ABCB1 rs1045642 CC and TT genotypes were positively correlated with MR4 achievement (p = 0.02, p = 0.007, and p = 0.003) (29). Our study does not reveal any correlations between examined SNPs and molecular response in patients treated with dasatinib.

Our results suggest that the naturally occurring germline variation in tested genes has influence on such important endpoints of dasatinib therapy in CML as well as probability of cytogenetic and molecular responses, PFS and OS.

To the best of our knowledge, this is the first study on the impact of ABCB1, ABCG2, PXR, and CAR gene polymorphisms on the outcomes of dasatinib treatment in CML. The work clearly shows the influence of SNPs present in genes related to dasatinib metabolism (ABCB1 and ABCG2) and genes encoding transcription factors (PXR, CAR) on treatment outcomes, susceptibility to side effects, and overall survival and progression-free time. Furthermore, the analysis we present here has a number of strengths. First of all, cases were collected in a relatively small number of hematological centers with high medical reference. Information about multiple clinical endpoint variables of patients has been thoroughly compiled in a single database. For each patient, detailed clinical history and treatment history were checked. The collected data showed that the whole group was homogenous, especially in terms of lack of a good response to imatinib. To the best of our knowledge, this is the first study on the impact of ABCB1, ABCG2, PXR, and CAR gene polymorphisms on the outcomes of dasatinib treatment in CML.

The main weakness of this study is the reduced sample size, which limits the statistical power. Taking into account the large number of SNPs included in the study and the different analysis models, the Bonferroni-corrected threshold for statistical significance was rather stringent (p = 0.00041). None of the associations reported here were statistically significant if this threshold is used. However, it has to be kept in mind that CML is not a common disease and is also often treated with imatinib in the first line. Approximately one-third of cases are switched to the next-generation inhibitors (dasatinib, nilotinib, or others) due to lack of response or intolerance to this treatment regimen. We would like to emphasize that the population that participated in this study were patients treated in the first line with imatinib, and in the second (or third) line with dasatinib. Therefore, the above-presented results cannot be directly translated into the population of patients treated in the first line with dasatinib, because the studied population consisted of people who showed intolerance or progression during treatment, which may be of primary origin, regardless of the treatment used.

Another factor that may be a weakness is the fact that only a group of patients of Polish origin was taken into account in the analysis. Therefore, the results cannot be used in comparison to other ethnic groups (e.g., from Asia), whose genetic variability of the tested SNPs and frequency of their occurrence may differ significantly. To confirm this, additional analysis on different populations should be done.

Taking all into account, there is still little known about the impact of inherited changes in genes involved in pharmacokinetic processes in the case of TKI treatment of CML. Our work is one of the first to describe the influence of ABCB1, ABCG2, PXR, and CAR polymorphisms on the effects of dasatinib therapy (expressed through CCyR, PFS, OS) and toxicity of the therapy (expressed by association with hematological and non-hematological complications). Further analyses are needed to confirm these initial results.
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Microsatellite instability (MSI) is a molecular signature of mismatch repair deficiency (dMMR), a predictive marker of immune checkpoint inhibitor therapy response. Despite its recognized pan-cancer value, most methods only support detection of this signature in colorectal cancer. In addition to the tissue-specific differences that impact the sensitivity of MSI detection in other tissues, the performance of most methods is also affected by patient ethnicity, tumor content, and other sample-specific properties. These limitations are particularly important when only tumor samples are available and restrict the performance and adoption of MSI testing. Here we introduce MSIdetect, a novel solution for NGS-based MSI detection. MSIdetect models the impact of indel burden and tumor content on read coverage at a set of homopolymer regions that we found are minimally impacted by sample-specific factors. We validated MSIdetect in 139 Formalin-Fixed Paraffin-Embedded (FFPE) clinical samples from colorectal and endometrial cancer as well as other more challenging tumor types, such as glioma or sebaceous adenoma or carcinoma. Based on analysis of these samples, MSIdetect displays 100% specificity and 96.3% sensitivity. Limit of detection analysis supports that MSIdetect is sensitive even in samples with relatively low tumor content and limited microsatellite instability. Finally, the results obtained using MSIdetect in tumor-only data correlate well (R=0.988) with what is obtained using tumor-normal matched pairs, demonstrating that the solution addresses the challenges posed by MSI detection from tumor-only data. The accuracy of MSI detection by MSIdetect in different cancer types coupled with the flexibility afforded by NGS-based testing will support the adoption of MSI testing in the clinical setting and increase the number of patients identified that are likely to benefit from immune checkpoint inhibitor therapy.
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Introduction

The DNA mismatch repair (MMR) pathway safeguards the genome from base substitution and insertion-deletion (indels) during DNA replication (1). Genetic or epigenetic loss of one or more of the involved proteins results in MMR deficiency (dMMR), leading to increased mutation rates (2).

dMMR is a predictive pan-cancer marker of response to immune checkpoint inhibitor therapy (3, 4) (5). The current standard of dMMR testing is evaluating the expression of the four MMR proteins by immunohistochemistry (IHC) (6). However, IHC tests cannot be combined with other molecular diagnostics, limiting its adoption in cancer types where this molecular phenotype is rare, and false-positive and negative immunostaining results impact their accuracy. Detection of microsatellite instability (MSI), a well-established signature of dMMR (2), is a suitable alternative to IHC (6). Microsatellites (1-6 nucleotide tandem repeat motifs) are informative for dMMR status since their contraction or expansion, resulting from DNA replication errors, are normally repaired by the MMR pathway (7).

In the clinical setting, the most used method to evaluate MSI status analysis of allelic size variation in a panel of five mononucleotide repeats (homopolymers) (6, 8) is using polymerase chain reaction (PCR) followed by capillary electrophoresis. However and despite its widespread use, the analytical performance of this solution in cancers other than colorectal cancer, for which the solution was designed for (8), is relatively low (9, 10). The relatively small number of loci that can be simultaneously analyzed by PCR-based methods limits the opportunities to account for tissue of origin and other sample-specific factors. In addition, common population polymorphisms within homopolymers can reduce the sensitivity of PCR-based MSI detection methods, especially when matched normal samples are unavailable (11, 12).

Next-Generation Sequencing (NGS) based MSI detection allows the simultaneous analysis of a larger number of microsatellite regions, thus limiting the impact of sample-specific factors, including tissue of origin or population-specific variation in microsatellite length (13). In addition, NGS-based MSI analysis can be combined with other cancer-related molecular signatures and genetic lesions, facilitating the adoption of MSI clinical testing and increasing the number of patients considered for immunotherapy (14). Indeed NGS-based methods that rely on analysis of paired tumor-normal samples support accurate MSI detection across multiple tumor types (15). However, this data type is not commonly available in the clinic. Whereas NGS-based methods that leverage information from tumor-only data would circumvent this challenge, inter- and intra-tumor specific differences in the frequency and position of MSI diagnostic events (16) (17, 18) still impact their accuracy (15). For example, many MSI events are private to one sample, and frequently occurring events can be tumor-type specific (16). Additionally, microsatellite regions are often polymorphic in healthy individuals, and their sequence differs across the human population (7, 19). All these factors limit the analytical performance of methods that rely on a baseline reference distribution to determine MSI status.

To address these limitations, we developed MSIdetect, a new MSI detection method. MSIdetect uses a curve fitting algorithm, thus accounting for the impact of tumor content and indel burden on homopolymer instability. To minimize the effect of intra- and inter- tumor-specific factors, we additionally restrict our analysis to a set of ~100 homopolymer regions that we found are minimally variable between tissues and individuals. Using a large cohort of clinical samples, we demonstrate that MSIdetect can sensitively detect MSI signatures from tumor-only data in various cancer types, even in samples with limited tumor content.



Results and discussion


NGS-based detection of MSI using Whole Exome Sequencing data

MMR deficiency (dMMR) results in microsatellite contraction and expansion. To optimize detection of this signature using NGS from tumor-only data, MSI detection solutions must account for the factors that can limit their sensitivity and specificity (Figure 1A). In NGS workflows, microsatellite instability is reflected by a difference, relative to a normal reference, in the distribution of read counts supporting different microsatellite lengths. MSIdetect relies on a curve-fitting algorithm (described in Materials and Methods section) that accounts for the impact of tumor heterogeneity and the indel burden on microsatellite length distribution (Figure 1B).




Figure 1 | Factors limiting MSI detection in NGS workflow (A) Factors impacting detection of MSI in tumor-only NGS workflows (B) Schematic representation of the impact of increased indel burden (bottom panel) and tumor content (top panel) on the homopolymer length distribution measured by NGS at an illustrative homopolymer (MSI-H, red). Line color darkness correlates with decreased tumor content (top panel) or indel burden (bottom panel). Reference homopolymer length distribution for microsatellite stable is depicted in blue. Distribution of (C) Fraction of usable reads per total number of reads mapping to the homopolymer and (D) homopolymer score for homopolymers of the same length. MSI score obtained with MSIdetect using WES homopolymers for microsatellite stable (MSS) samples derived from (E) individuals of different ethnic origin and for samples from (F) different tumor types.



We used publicly available The Cancer Genome Atlas (TCGA) Whole Exome Sequencing (WES) data from 363 Colorectal Adenocarcinoma, 428 Stomach Adenocarcinoma and 492 Uterine Corpus Endometrial Carcinoma samples, with known MSI status (20), to investigate how different limiting factors (Figure 1A) might contribute to miscalls in our analytical workflows. Homopolymer length impact MSI detection by NGS in two ways. First, homopolymer length negatively correlates with the fraction of reads that span the entirety of the region, and that can be used by the algorithm to infer the region’s length stability (Figure 1C). In addition, the length distribution of relatively short homopolymers is very stable even in MSI-H samples, limiting their value to measure local instability (Figure 1D). These two factors are likely to define an optimal range of homopolymer length for MSI detection by NGS-based approaches.

In addition to indel burden and tumor content that is accounted for by the algorithm, other samples characteristics can also impact results. Specifically, homopolymers replication is error-prone (21), with MMR independent factors such as ethnicity (Figure 1E) or tissue origin (Figure 1F) impacting homopolymer length, as reflected by changes in MSIscore, in MSS samples.



Identification of homopolymers for optimal NGS-based detection of MSI

We computed the MSI score based on all homopolymers captured in the WES datasets (3602 loci (22), Supplementary Figure 1A) and assessed the concordance between MSIdetect results and pre-determined MSI status. We plotted the true-positive rate as a function of the false-negative rate obtained for the different tissues (Figure 2A). We found that MSIdetect results were highly concordant with MSI status (AUC>0.9926). When all homopolymers captured by the WES data set are considered, we observed tissue-specific differences in accuracy, with results being less accurate in Uterine Corpus Endometrial Carcinoma (AUC=0.9926), followed by Colorectal Adenocarcinoma (AUC=0.9976) and Stomach Adenocarcinoma (AUC=1.000).




Figure 2 | Properties of the MSIdetect restricted homopolymer set (A) Receiver Operating curves and corresponding Area Under the Curve (AUC) values (in the inset) for endometrial (blue), colorectal (red) and stomach (black) cancers for MSI classification by MSIdetect using WES homopolymers given the MSI status reported by TCGA. (B) Homopolymer length distribution in WES and in the restricted set. (C) Distribution of average variant population frequency observed in gnomAD for homopolymers in WES and in the restricted set with lengths ranging from 11-25 bp.



We compared the analytical performance of MSIdetect with that of two other widely used NGS-based MSI detection algorithms mSINGS (22) and MANTIS (15). These algorithms were chosen because, like MSIdetect, they rely on comparing microsatellite allele length distributions. Similar to MSIdetect, mSINGS (22) is compatible with tumor-only data, whereas MANTIS (15) relies on comparing the results obtained for a tumor sample with its matched normal sample. Like MSIdetect, the other algorithms are less accurate in endometrial cancer, followed by colorectal and stomach cancer (Supplementary Figures 1B-D). In all cancer types considered, MANTIS showed the highest overall performance with >97.4% sensitivity at 95% specificity (Table 1). We attribute the higher analytical performance of this algorithm to the limited impact of sample-specific factors (Figure 1A) on the results of approaches such as MANTIS (13, 15) that rely on comparison to matched normal samples. Between the two algorithms that rely on comparison to a set of baseline samples, MSIdetect had a slightly higher performance with >96.1% compared to >94.9% sensitivity for mSINGS at a 95% specificity.


Table 1 | Sensitivity at 95% specificity for different algorithms in endometrial, colorectal and stomach cancer using WES homopolymers.



We hypothesized that homopolymer selection could account, at least in part, for some of the limitations of MSI detection solutions that rely on NGS-based approaches, particularly those that leverage information from tumor-only data. This hypothesis is supported by evidence that the size and composition of the set of homopolymers considered impacts analytical performance (15).

To identify a set of homopolymers that would optimize MSI detection by NGS, we considered half of the samples in the pan-cancer dataset, hereafter referred to as training set, to identify homopolymers that would maximize the differences between MSI-H and MSS samples across multiple tumor types. To do so, we estimated the score at all homopolymers using MSIdetect. We defined groups of homopolymers based on whether the score in samples classified as MSI-H was higher than a fixed percentile (between 25-95%) of the maximal score observed for that homopolymer in samples classified as MSS from the same cancer type (Supplementary Table S1). Based on the MSIscore we computed for samples in the training set using the different homopolymers combinations (Supplementary Figures 2A-C) we determined the analytical performance and MSIscore variability associated with the different homopolymer sets. Based on these results (Supplementary Table S2) we concluded that the 136 homopolymers with a score in MSI-H samples higher than MSS in samples in than 80% of samples, offers optimal MSI detection relative to the other tested homopolymer sets. We hereafter refer to this homopolymer set as restricted homopolymer set.

We investigated what distinguished homopolymers in the restricted set from the remaining homopolymers captured by the WES solution. Relative to all considered homopolymers, those in the restricted set tend to be of intermediate length (median 15 bp, 11-25 bp, Figure 2B). This intermediate length is likely to facilitate read mapping and render homopolymers sensitive to dMMR dependent expansion and contraction.

In addition, we found that homopolymers in the restricted set have ~1.8x lower average population frequency amongst humans, based on gnomAD (two-tailed, Mann-Whitney test p-value<0.0002, Figure 2C) than other homopolymers of the same length (11-25 nt) which is likely to minimize the impact of population polymorphism in MSI score.

To assess the impact of implementing analysis of the restricted set on MSIdetect’s analytical performance we considered the remaining samples of the pan-cancer data set, hereafter referred to as the test set. Restricting MSIdetect analysis to the restricted set of homopolymers improves performance relative to when all homopolymers in WES are considered. Specifically, restricting the analysis to the restricted homopolymer is associated with 100% sensitivity at 95% specificity (Table 2) and an increase in AUC (>0.995) in all tested tissues (Supplementary Table S3). This difference is also reflected in a slight increase in AUC (0.9995 for restricted homopolymer set compared to 0.9926 for all homopolymers). Like MSIdetect, the performance of the other algorithms tested (Table 2; Supplementary Table S3) also improved when only the restricted homopolymer set was considered. In line with previous work (15), this observation supports the use of specific microsatellite marker, including the set identified here, can improve the analytical performance of NGS-based methods of MSI detection.


Table 2 | Sensitivity at 95% specificity for different algorithms when considering restricted homopolymer set in endometrial, colorectal and stomach cancer.



In conclusion, the increase in analytical performance associated with the combination of algorithm and restricted set homopolymer regions limits the impact of biological and technical factors on the ability to detect by NGS the differences in homopolymer length distribution caused by loss of MMR gene function, using tumor-only data.



MSIdetect is sensitive and specific in colorectal and endometrial cancer

Next, we sought to assess the analytical performance of MSIdetect in combination with the restricted homopolymer set in Formalin-Fixed Paraffin-Embedded (FFPE) clinical samples.

We first considered colorectal and endometrial cancer samples (44 and 30 samples, respectively) with MMR and MSI status defined using immunohistochemistry (IHC) and PCR (MSI-PCR) methods, respectively. The MSI and MMR status for these samples were concordant (Supplementary Table S4). We generated NGS data for homopolymers in the restricted set for these samples. We observe no overlap between the distribution of score obtained using MSIdetect for these samples dMMR/MSI-H from pMMR/MSS samples indicating the method allows distinction of. he two classes with 100% sensitivity and specificity (Figure 3A). To define the MSIscore threshold, we considered the standard deviation and the median score estimated for MSS samples (0.001 and 0.0028). We defined the thresholds for sample classification as follows: MSS samples have an MSIscore smaller than 0.005; MSI low confidence (MSI-LC) an MSIscore between 0.005 and 0.01; and MSI High confidence (MSI-H) an MSIscore higher than 0.010. These thresholds were chosen to maximize MSIdetect analytical performance. Change in the number or composition of homopolymer set considered should entail reevaluation of these thresholds (Supplementary Note 1).




Figure 3 | MSI detection in colorectal and endometrial FFPE clinical samples (A) MSIscore obtained for colorectal or endometrial cancer samples. Samples were grouped based on their respective MSI-PCR and IHC result. Each point corresponds to one sample colored by tissue of origin (refer to legend in figure) (B) MSIscore for a dilution series containing between 1 and 90% (x-axis) of DNA extracted from one MSI-H tumor DNA diluted in MSS tumor DNA in duplicates. Each point corresponds to one sample. Samples are colored according to results of MSI-PCR test (refer to legend in figure). (C) MSIscore obtained for replicate 1 and 2 for dilution series of MSI-H DNA in MSS DNA.



To investigate the impact of tumor content on MSI detection performance, we diluted (1-90%), in replicate, one MSI-H tumor DNA in MSS tumor DNA from samples with relatively high tumor content samples. As expected, the MSIscore decreased with decreasing amounts of MSI-H tumor DNA (Figure 3B). The impact on sample classification of this decrease is similar to what was seen for MSI-PCR (Figure 3B). MSIscore is highly correlated between replicates (R>0.99, p-value<2X10-8, Figure 3C), supporting the robustness of the approach. MSIdetect classified dilutions with limited MSI tumor DNA content (<2%) as MSI-LC indicating that MSIscore is sensitive to relatively low levels of homopolymer instability.



MSIdetect detects MMR deficiency in various cancers, including glioma and sebaceous adenomas and carcinomas

Next, we considered samples from tumor types where MSI detection is more challenging, including glioma. When we considered the MMR status based on IHC, the method of preference for classification of these samples, we found that MSIdetect is 100% specific and 91% sensitive (Figure 4A) when only challenging samples are included. For 2 out of the 3 dMMR samples missed by MSIdetect (Figure 4A), MSI-PCR results were also available (Supplementary Table S4). In both cases, the number of loci found to be unstable (2/5) was low and below the recommended test’s threshold for MSI classification. The remaining sample was from glioma, where MSI-PCR is not routinely performed due to the lack of sensitivity of MSI-H status detection in this tumor type.




Figure 4 | MSI detection in FFPE clinical samples (A) MSIscore obtained for dMMR or pMMR FFPE samples. Each point corresponds to one sample colored by tissue of origin (refer to legend in figure). Horizontal lines top to bottom indicates MSI-HC and MSI-LC threshold respectively (B) MSIscore obtained for glioma, sebaceoma and cholangiocarcinoma FFPE samples classified by IHC as dMMR or pMMR. Each point corresponds to one sample colored by MSI-PCR status. Horizontal lines top to bottom indicates MSI-H and MSI-LC threshold respectively. (C) MSIscore obtained for dMMR FFPE samples grouped by pairs of protein lost (x-axis) Each point corresponds to one sample colored by tissue of origin (refer to legend in figure). Horizontal lines indicate the median score for the group. (D) Histogram of the percentage of genes with detected loss of MSH2/MSH6 or MHL1/PSM2 grouped by cancer type (E) MSIscore obtained using either a global reference (y-axis) or a reference build using a matched-normal samples. Each point corresponds to one sample colored by MSI-PCR result.



In addition to glioma, MSI detection is also challenging in other tumors such as cholangiocarcinoma, urothelial or adrenal carcinoma and sebaceous adenoma or carcinoma (23–26). When we considered these 3 cancers, we found that 94% of the 18 dMMR samples from these cancer types were classified as MSI by MSI detect. This includes 2 samples classified by MSI-PCR as MSS, 1 sebaceoma and 1 cholangiocarcinoma (Figure 4B).

Differences in mutational patterns between tumor types have been proposed to account for decreased MSI detection sensitivity (27, 28). Given the relatively small number of samples were expression of only one protein in the functional heterodimer pairs MLH1/PMS2 or MSH2/MSH6 is loss (Supplementary Table S4) we grouped samples according to heterodimer loss of function.

Interestingly, dMMR samples where MLH1 or PMS2 (median MSIscore=0.090) were lost have significantly higher levels of microsatellite instability (two-tailed Mann-Whitney test p-value<0.005) than dMMR samples with loss of function in MSH2 or MSH6 (median MSIscore=0.045) (Figure 4C). Loss of MSH6 function is known to result in lower levels of microsatellite instability (29). However the relatively low number of samples where only MSH2 or MSH6 appears to be lost by IHC, that we attribute to protein regulation by dimer stabilization (30), limits our ability to assess the impact of loss of function either gene to the MSIscore observed of MHS2/MHS6 deficient tumors.

This difference in MSIscore observed between MLH1/PMS2 and MHS2/MHS6 deficient tumors explains, at least in part, the low levels of instability observed in glioma and sebaceous adenoma or carcinoma. Indeed, in these tumors, MSH2/MSH6 mutations are significantly (two-tailed Fisher’s exact test p-value<0.005) more frequent (13/18 cases) than in the rest of the cohort where MSH2/MSH6 mutations are less common (26/64 samples) (Figure 4D).

For a subset, in addition to tumor samples, non-tumor matched normal material was also available (16 samples). These samples allowed us to assess the impact of the results obtained when microsatellite instability is measured relative to a panel of normal samples (global reference) or a matched normal sample (Methods). We observed a strong correlation (R= 0.996, correlation test p-value<2.2X10-16, Figure 4E) between the MSIscore obtained using the global and match reference. The observation that the score is similar when using global or normal matched supports that the combination of algorithm and restricted homopolymer set allows overcoming some of the challenges of tumor only analysis of microsatellite regions.




Conclusion

Mismatch repair deficiency (dMMR) confers sensitivity to immune checkpoint inhibition therapy across different cancer types (3–5). However, and despite its pan-cancer value, clinical detection of this molecular signatures is often restricted to colorectal and endometrial cancer where this molecular phenotype is most common (20). This is in part because dedicated assays, analysis of protein loss of function by immunohistochemistry or of MSI by PCR, are still preferred to next generation sequencing (NGS) based methods (6) but require tumors to be matched to paired normal samples for analysis of non-colorectal cancers sample. The main advantage of NGS based methods is that they allow integration of MSI detection as part of comprehensive molecular profiling assays, supporting adoption of dMMR testing and increasing the number of patients considered for immunotherapy (19).

Here we describe MSIdetect, a NGS based solution developed to support accurate detection of MSI from tumor-only data. We identified the sample-specific and analytical factors that limit performance MSI detection by NGS. We found that when considering tumor only data, accounting for homopolymer properties, indel burden and tumor content increases sensitivity. However, algorithm improvements alone cannot account for the impact of tissue of origin and patient ethnicity when only tumor samples are available. To address this limitation, we used publicly available data to identify a set of loci that is minimally impacted by sample specific factors. Integration of these insights limits the impact of the identified confounders on the results from tumor-only data and supports performances comparable to what can be obtained when normal matched samples are available.

We investigated the accuracy of MSIdetect in a diverse cohort of clinical samples using results of IHC as ground truth. As highlighted by a recent meta-analysis the evidence supporting the value of MSI-NGS solutions in non-colorectal cancers is low, demonstrating the need for development and validation of NGS based methods that can accurately detect MSI in other cancer types (31).

We show that MSIdetect is 100% accurate in colorectal and endometrial cancer. This is despite the MSIscore being lower in endometrial relative to colorectal cancer, consistent with the previously reported (17, 18) differences in size and frequency of indels at microsatellites in these two cancer types. Tissue specific differences on the impact of loss of MMR on microsatellite instability have also been reported in other cancer types, including glioma or sebaceous adenoma or carcinoma, where MSI detection is known to be challenging (23, 24, 26, 27). When MSIdetect was used to analyze samples from these cancer types we observed a slightly lower overall accuracy (accuracy 97.8%). For 2 out of the 3 false negative samples, MSI status based on a commonly used PCR based method was also available. Both these samples were also classified by the PCR based method as MSS indicating that the impact of loss of MMR function on expansion and contraction of homopolymer is low and generally hard to detect in these cases. Interestingly, we found that dMMR in these samples is caused by loss of MSH6 alone or together with MSH2 which is associated with loss of sensitivity to detect MSI (27, 28).

In summary, we show that MSIdetect supports accurate detection of MSI signatures in different cancer types. Its adoption alone or as part of molecular profiling solutions can increase the number of patients identified that are likely to benefit from immune checkpoint inhibitor therapy, particularly in cancers where PCR based MSI detection methods were found to have limited sensitivity and in samples with low tumor content.



Materials and methods


MSI analysis of public data

Tumor-normal whole-exome sequencing data for 78, 85 and 156 MSI-H and 245, 265 and 274 MSS colorectal adenocarcinoma, stomach adenocarcinoma, and uterine endometrial carcinoma, respectively, was obtained from The Cancer Genome Atlas (TCGA). Aligned BAM files (to hg38) and associated clinical information for all the samples was downloaded from Genomic Data Commons.

We considered the coverage by sufficient quality reads and excluded from our analysis homopolymers with insufficient coverage.



Description and MSI calling using MSIdetect

MSIdetect score for sample j is calculated as the median homopolymer score, HPscore, for all homopolymers considered in the analysis. The HPscore for homopolymer i in sample j is defined as the product between the values of the parameters, p1 and p2, that maximize the fit between the read length distribution obtained for homopolymer i in sample j   with the read length distribution of homopolymer i in reference MSS sample(s), hereafter referred to as reference  , using the multiparametric function defined by equation 1.

equation 1

	

Where lmaxis the maximum homopolymer length observed in   is the homopolymer length and T is the function which transform   according to the transformation described below (equation 2):

equation 2

	

where lref is the reference length at this locus.

For a given homopolymer i, p1 is the difference between the measured height of the read distribution peak in sample j and in the reference distribution; p2 is the maximum difference observed in homopolymer length between sample j and the reference and reflects the difference in peak position in sample j relative to the reference distribution; and p3 is the width of the length distribution for homopolymer i in sample j. As depicted in Figure 1B, p1 and p2 are expected to change as function of tumor content and indel burden, respectively. The parameter p3 captures changes in homopolymer lengths distribution width between the sample and the reference distribution.

Because in MSS samples the value of either p1 or p2 will be close to 0, meaning that value taken by any of the other parameters on score, we chosen to consider only p1 and p2 in the estimation of the homopolymer score.

Reference length distribution is pre-computed from aligned sequence data for MSS or matched normal samples. Unless stated otherwise analysis of TGCA and clinical samples were done based on the comparison to a reference length distribution computed using aligned sequencing data for 10 MSS samples selected randomly from either the cancer genome atlas (TCGA) or clinical samples, respectively. As documented, in Supplementary Note 2 the set of MSS samples chosen to build the reference distribution minimally impacts MSIscore.

Only reads that are perfectly matched to the homopolymer region excluding the homopolymer region plus or minus 3 nucleotides were considered. Reads mapping to the forward and reverse strand are considered separately and  is the average of the score in both directions.



MSI calling using mSINGS

We considered 25 MSS samples from colorectal adenocarcinoma, stomach adenocarcinoma and uterine endometrial carcinoma to build the reference distribution using default parameters. Loci with no variance were excluded as recommended by the developers. MSI score was computed as described by developer’s version v.4.0.



MSI calling using MANTIS

MSI score was computed using MANTIS (version v1.0.5) and the parameters recommended in (15), (mrq = 20, mlq = 25,mlc = 20,mrr = 1) for tumor and normal matched paired samples.



Analysis of human polymorphism

We extracted variants reported in from gnomAD v2.1.1 that impact homopolymer length distribution and computed their frequency using their allele count across populations.



Characterization of clinical samples

Tissue samples from patients diagnosed for their MSI and MMR status between 2016 and 2020 in the pathology department of the Hospices Civils de Lyon (HCL, France). The properties of the clinical samples are listed in Supplementary Table S4. Non-CRC carcinomas were classified according to the World Health Organization (WHO) histopathological classifications and were reviewed independently by two pathologists for tumor classification and cellularity. MSI status was done using multiplex PCR and capillary electrophoresis-based assay PCR– based MSI test used in our laboratory was done accordingly to the instructions provided by the manufacturers (Promega Corporation, Madison, WI, USA). Two µL of DNA which concentration was adjusted to 10 ng/µL was used to co-amplify by multiplex PCR 5 mononucleotide repeat markers: BAT-25, BAT-26, NR-21, NR-24 and MONO-27, and 2 pentanucleotide repeat markers (Penta C and Penta D). The PCR products are separated by capillary electrophoresis using an Applied Biosystems® 3130 Genetic Analyzer. The output data were analyzed with GeneMapper® software (Applied Biosystems) to determine MSI status of test samples.

To investigate the mismatch repair protein (MMR) expression standard 4-µm thick FFPE tumor sections were subjected to immunohistochemistry staining (IHC) analysis using MLH1 antibody (Ab) (clone G168-728, Ventana Ab, 1/25), MSH2 Ab (clone 25D12 DBS Clinisciences, 1/25), MSH6 Ab (clone 44 BD Biosciences, 1/500) and PMS2 Ab (A16-4, Pharmingen, 1/200) on a Ventana automated staining platform (BenchMark ULTRA, Tucson, AZ, USA). Internal positive control was included in the tissue section. Loss of MMR expression was considered in case of total absence of nuclear expression by tumor cells while normal cells express the protein (32–34). All samples were from the tumor bank “Tissu-tumorotheque Est” and “Tissu-tumorotheque Sud” of the Biological Resource Centre (Centre de Ressource Biologique, CRB) of the HCL (Lyon, France).



Clinical sample preparation and sequencing

The regions corresponding to the restricted homopolymer set (136 loci) plus their neighboring genomic regions in hg19 were downloaded and DNA repeat content analyzed. After exclusion of homopolymers within repetitive regions probes of 117 homopolymers were designed and ordered.

Targeted libraries were created using capture-based enrichment technology. First, 50 ng of input FFPE extracted genomic DNA was enzymatically fragmented, end-repaired and A-tailed, followed by ligation to custom short y-shaped adapters. The ligation products were purified with AMPure beads (Beckman Coulter) and then amplified by PCR for 10 to 14 cycles (depending on the amount of input DNA) using Illumina-compatible primers with dual-indices. Amplified libraries were cleaned-up with AMPure beads (Beckman Coulter) and libraries pooled to give a total of 1.8 µg. The pools were mixed with human Cot-1 DNA (Life Technologies) and xGen Universal Blockers-TS Mix oligos (Integrated DNA Technologies) and lyophilized. Pellets were resuspended in a hybridization mixture, denatured for 10 min at 95°C and incubated for 4-16 h at 65°C in the presence of biotinylated probes (xGEN Lockdown IDT®). Probe-hybridized library fragments were captured with Dynabeads M270 Streptavidin (Invitrogen) and then washed. The captured libraries were amplified by PCR for 15 cycles and cleaned-up using AMPure beads (Beckman Coulter).

Paired end (150 base pair) reads libraries were sequenced on the Illumina Miseq or NextSeq platform (Illumina Inc., San Diego, CA, USA). Sequencing data was processed using the SOPHiA GENETICS proprietary pipelines accessible through SOPHiA GENETICS DDM platform. All samples were sequenced to approximately 1000 x coverage which is more than the estimated minimal depth required to ensure accurate distinction between MSI and MSS samples (Supplementary Note 3).



Statistical analysis

Statistical analysis and graphics were done using R.
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Supplementary Table 4 | Properties of the clinical samples used in the study.

Supplementary Figure 1 | (A) Score obtained with MSIdetect, using WES homopolymers in colorectal, stomach and endometrial cancer. Each point corresponds to one sample colored by reported MSI status (refer to legend in the figure). Receiver Operating curves and corresponding Area Under the Curve (AUC) values (in the inset) for endometrial (B), colorectal (C) and stomach (D) cancers for MSI classification by MSIdetect, mSIGNS and MANTIS using WES homopolymers given the MSI status reported by TCGA.

Supplementary Figure 2 | Distribution of the MSIscore for microsatellite instability high (MSI-H, red) and stable (MSS, blue) samples in the training set using the different homopolymers combinations in endometrial (A), colorectal (B) and Stomach (C) cancer.
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M/m*
rs7787082 ABCBI G/A 0.18 6 CRX FOXD3 GFI1 = Testes, skin
rs3842 ABCBI T/C 0.14 n/a PLZF ABCB4 Brain, nerves
rs2235023 ABCBI C/T 0.09 6 CEBPB ISL2 POUIF1 RHOX11 ABCBI Testes, muscles
ABCB4
rs2214102  ABCBI C/T 0.09 4 GR = Heart, colon
rs2725256  ABCG2 A/G 0.33 6 FOXA HNF4 HBP1 SPPI1 Adipocytes
POUIFI RXRA STAT
rs12505410 ABCG2 T/G 0.40 4 PBX3 - Testes, blood
rs2622621 ABCG2 C/G 0.30 5 - - Blood
rs3114018  ABCG2 A/C 0.49 5 LHX3 MEF2 NANOG POU2F2 - Esophagus, heart
rs3109823  ABCG2 T/C 0.26 6 CTCF NRF-2 YY1 - Blood
rs2307418  CAR TIG 0.15 5 ERalpha-A GCMGR TOMM40L ~ Brain, muscles, skin
USFI
rs11265571 CAR AIT 0.17 4 ERalpha-A PAX-5 RHOX11 Skin, testes, colon
rs2461818  PXR CIT 0.08 6 ARID5B FOX02 FOX03 FOXP1 HDAC2 ~ PLAIA Thyroid
IK2 PLZF SOX6 GSK3B
rs11917714 PXR CIT 0.17 6 HIC1 GSK3B Nerves, small intestine, esophagus, testes
rs3732357 PXR AIG 0.35 5 GLI GLIS2 ZIC GSK3B Adipocytes, colon, esophagus, stomach, arteries,
thyroid, brain, muscles, lungs
rs3732360  PXR T/IC 0.23 6 E2A LMO2 MYF TATA GSK3B Adipocytes, nerves, esophagus, brain, colon, arteries
GPRI156
rs3732359  PXR AlG 0.20 6 BCL NRSF PLAG1 GSK3B Adipocytes, nerves, esophagus, brain, colon, arteries,
SIN3AK20 TAL1 YY1 GPRI156 thyroid

The table contains associations for all SNPs, while those that occur only in blood cells are bold.
*M: major allele; m: minor allele.

"MAF: minor allele frequency in the 1000 Genomes European population.

“Rank from RegulomeDB: 1 is given to SNPs showing the strongest evidence of a role in regulating the transcription process by binding transcription factors, while 6 to SNPs with a low
probability of influencing to transcription.

“HaploReg: the tested SNP probably influences the expression of mentioned genes.

“eQTL: the tested SNP is located in the eQTL (expression quantitative trait loci) of mentioned genes.

‘GTEx: the relationship between the tested SNP and the tissue in which the gene is expressed.
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Characteristic Low-RPP40  High-RPP40 P-value
expression expression
(N =276) (N =276)

Clinical stage, n (%) 0.038
Stage I 185 (33.5%) 157 (28.4%)
Stage 11 25 (4.5%) 26 (4.7%)
Stage TIT 57 (10.3%) 73 (13.2%)
Stage IV 9 (1.6%) 20 (3.6%)

Primary therapy outcome, < 0.001

n (%)
PD 8 (1.7%) 12 (2.5%)
SD 3 (0.6%) 3 (0.6%)
PR 0 (0%) 12 (2.5%)
CR 238 (49.6%) 204 (42.5%)

Race, n (%) 0.176
Asian 11 (2.2%) 9 (1.8%)
Black or African 45 (8.9%) 63 (12.4%)

American
White 195 (38.5%) 184 (36.3%)

Age, n (%) 0.088
<=60 113 (20.6%) 93 (16.9%)
>60 161 (29.3%) 182 (33.2%)

BMI, n (%) 0.179
<=30 99 (19.1%) 113 (21.8%)
>30 163 (31.4%) 144 (27.7%)

Histological type, n (%) < 0.001
Endometrioid 234 (42.4%) 176 (31.9%)
Mixed 11 (2%) 13 (2.4%)
Serous 31 (5.6%) 87 (15.8%)

Residual tumor, n (%) 0.857
RO 193 (46.7%) 182 (44.1%)
R1 10 (2.4%) 12 (2.9%)
R2 8 (1.9%) 8 (1.9%)

Histologic grade, n (%) < 0.001
Gl 74 (13.7%) 24 (4.4%)
G2 73 (13.5%) 47 (8.7%)
G3 125 (23.1%) 198 (36.6%)

Tumor invasion (%), n (%) 0.697
<50 134 (28.3%) 125 (26.4%)
>=50 116 (24.5%) 99 (20.9%)

Menopause status, n (%) 0.500
Pre 20 (4%) 15 (3%)
Peri 10 (2%) 7 (1.4%)
Post 223 (44.1%) 231 (45.7%)

Hormones therapy, n (%) 0.416
No 148 (43%) 149 (43.3%)
Yes 27 (7.8%) 20 (5.8%)

Diabetes, n (%) 0.403
No 171 (37.9%) 157 (34.8%)
Yes 58 (12.9%) 65 (14.4%)

Radiation therapy, n (%) 0.980
No 142 (26.9%) 137 (26%)
Yes 125 (23.7%) 123 (23.3%)

Surgical approach, n (%) 0.874
Minimally invasive 103 (19.4%) 105 (19.8%)
Open 163 (30.8%) 159 (30%)

OS event, n (%) < 0.001
Alive 246 (44.6%) 212 (38.4%)
Dead 30 (5.4%) 64 (11.6%)

DSS event, n (%) 0.003
Alive 256 (46.5%) 231 (42%)
Dead 20 (3.6%) 43 (7.8%)

PFI event, n (%) 0.005
Alive 226 (40.9%) 197 (35.7%)

Dead 50 (9.1%) 79 (14.3%)
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Characteristics N(%)] HR(95% CI P value
Clinical stage T
Stage 18I 393(71) 1.92(1.02-3.60) —_— 0.044
Stage I11&IV 159(29) 3.17(1.73-5.83) ! ——— <0.001
Histological grade i
G1&G2 218(40) 3.20(1.03-9.95) > 0.159
G3 323(60) 1.72(1.07-2.76) — 0.025
Histological type '
Endometrioid 410(74) 2.50(1.38-4.51) | —— 0.002
Mixed&Serous 142(26) 0.91(0.50-1.68) --— 0.774
Age '
<=60 206(37.5) 7.76(2.31-26.13) 1 —_— 0.001
>60 343(62.5) 1.70(1.05-2.74) Le— 0.031
BMI
<=30 212(41) 2.27(1.17-4.40) —— 0.015
>30 307(59) 2.19(1.20-3.98) —— 0.011
Menopause status '
Pre&Peri 52(10) 3.46(0.68-17.50) —— 0.134
Post 454(90) 2.18(1.38-3.43) | —— 0.001
Primary therapy outcome '
CR 442(92) 2.79(1.53-5.09) | —— 0.001
PR&PD&SD 38(8) 1.64(0.68-3.91) —-—— 0.268
Residual tumor :
RO 375(91) 2.06(1.18-3.62) e — 0.012
R1&R2 38(9) 2.44(0.88-6.78) —— 0.086
Tumor invasion(%) '
<50 259(55) 3.72(1.49-9.28) | —————— 0.005
250 215(45) 2.08(1.18-3.65) —.— . 0.011
25 5.0 75
eristics N(%! HR(95% CI P value
Clinical stage
Stage I&I1 393(71) 1.84(0.72-4.70) 0.201
Stage [I&IV 159(29) 3.66(1.88-7.13) <0.001
Histological grade
218(40) 4.36(0.49-39.13) 0.188
G3 323(60) 1.96(1.12-3.42) 0.018
Histological type
Endometrioid 410(74) 2.27(1.06-4.86) 0.034
Mixed&Serous 142(26) 1.42(0.71-2.85) 0.317
Age
<=60 206(37.5) 11.09(2.58-47.62) 0.001
>60 343(62.5) 1.65(0.89-3.08) 0.114
BMI
<=30 212(41) 2.67(1.16-6.10) 0.02
>30 307(59) 2.16(1.04-4.46) 0.038
Menopause status
Pre&Peri 52(10) 5.26(0.58-47.88) 0.14
Post 454(90) 2.24(1.29-3.89) 0.004
Primary therapy outcome
CR 442(92) 4.35(1.76-10.74) 0.001
PR&PD&SD 38(8) 1.64(0.68-3.91) 0.268
Residual tumor
RO 375(91) 2.40(1.12-5.13) 0.025
R1&R2 38(9) 2.44(0.88-6.78) 0.086
Tumor invasion(%)
<50 259(55) 3.15(1.00-9.91) 0.05
250 215(45, 2.80(1.39-5.65 0.004
Characteristics N(%; HR(95% CI P value
Clinical stage
Stage I&II 393(71) 1.59(0.96-2.63) 0.074
Stage IlI&IV 159(29) 2.32(1.40-3.82) 0.001
Histological grade
218(40) 1.69(0.82-3.49) 0.156
G3 323(60) 1.65(1.09-2.50) 0.017
Histological type
Endometrioid 410(74) 1.64(1.04-2.60) 0.033
Mixed&Serous 142(26) 1.50(0.87-2.61) 0.147
Age
<=60 206(37.5) 1.90(1.07-3.35) 0.027
>60 343(62.5) 1.55(0.96-2.49) 0.071
BMI
<=30 212(41) 1.66(0.94-2.91) 0.079
>30 307(59) 2.13(1.30-3.51) 0.003
Menopause status
Pre&Peri 52(10) 1.81(0.43-7.66) 0419
Post 454(90) 1.76(1.21-2.55) 0.003
Primary therapy outcome
CR 442(92) 1.94(1.22-3.10) 0.005
PR&PD&SD 38(8) 1.18(0.56-2.47) 0.658
Residual tumor
375(91) 1.71(1.06-2.76) 0.027
R1&R2 38(9) 2.43(0.93-6.37) 0.071
Tumor invasion(%)
<50 259(55) 2.56(1.36-4.82) 0.004
0 215(45 1.92(1.17-3.17 0.01
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RPP40is a prognostic biomarker and correlated with tumor microenvironment in UCEC
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Study Characteristic (N = 321)

Age at diagnosis, years

Mean + SD

Median

Range

<45

46-60

>60

Ashkenazi Jewish ethnicity

Yes

No

Breast cancer subtypes, receptor status
TNBC

HR positive/HER2 negative (Luminal)
HR negative/HER2 positive (HER2- enriched)
HR positive/HER2 positive (Luminal B HER2)
HR positive/HER2 not available
Unknown

Histology

Ductal

Lobular

Ductal and lobular

Other

Unknown

Bilateral disease

Yes

No

Patient history of second breast cancer
Yes

No

Patient history of prior cancer (excluded breast cancer)

Yes
No

Ovarian cancer

First-/second-/third- degree relative with breast or ovarian cancer

Yes
No
Unknown

First-/second-/third- degree relative with cancer (excluded breast and ovarian)

Yes
No
Unknown

SD, standard deviation; TNBC, triple-negative breast cancer; HR, hormone receptor; HER2, human epidermal growth factor receptor 2.

No.

4521 + 11,22
44
26-85
183
106
32

317

79
155
13
40
22
12

265
27

20

29

292

38
283

39

282

209
106

244
71

57.0
33.0
10.0

1.2
98.8

24.6

48.3
4.0
125
6.8
3.7

82.6
8.4
0.6
6.2
22

9.0
91.0

11.2
88.2

12.1
87.9
2.8

65.1
33.0
1.9

76.0
221
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Gene No. of Patients % 95% CI

Negative for GPV 240 74.8

Positive for GPV 81 252

Total of GPV 83

High risk breast cancer genes 39 47.0

BRCAI 17 205 124 - 308
BRCA2 14 169 9.5 -26.7
TP53 4 4.8 13-119
PALB2 4 4.8 13-119
Moderate risk breast cancer genes 15 18.0

ATM 8 9.6 4.3 -18.1
CHEK2 6 72 27-151
RAD51C 1 12 0.0 -6.5

Low risk breast cancer genes 29 35.0

MUTYH (monoallelic) 7 8.4 3.5-16.6
SBDS 3 3.6 0.8 - 10.2
FANCI 2 24 0.3 -84

HNFIA 2 24 0.3 -84

PFR1 2 24 0.3 -84

RECQL4 2 24 0.3 -84

BLM 1 12 0.0 - 6.5

BRIP1 1 12 0.0 -6.5

FANCA 1 12 0.0 -6.5

FANCD2 1 12 0.0 -6.5

FANCE 1 152 0.0 -6.5

FANCL 1 12 0.0 -6.5

FANCM 1 12 0.0 -6.5

FH 1 12, 0.0 -6.5

PHOX2B 1 12 0.0 -6.5

PMS2 1 12 0.0 - 6.5

SLX4 1 12 0.0 - 6.5

GPV, germline pathogenic variants.

Genes included in the multigene panel: AIP, ALK, APC, ATM, BAP1, BLM, BMPR1A, BRCA1, BRCA2, BRIP1, BUB1B, CDC73, CDHI1, CDK4, CDKNIC, CDKN2A, CEBPA, CEP57,
CHEK2, CYLD, DDB2, DICERI, DIS3L2, EGFR, EPCAM, ERCC2, ERCC3, ERCC4, ERCC5, EXT1, EXT2, EZH2, FANCA, FANCB, FANCC, FANCD2, FANCE, FANCF, FANCG,
FANCI, FANCL, FANCM, FH, FLCN, GATA2, GPC3, HNF1A, HRAS, KIT, MAX, MEN1, MET, MLH1,, MSH2, MSH6, MUTYH, NBN, NF1, NF2, NSD1, PALB2, PHOX2B, PMS
PMS2, PRF1, PRKARIA, PTCHI, PTEN, RAD51C, RAD51D, RB1, RECQL4, RET, RHBDF2, RUNX1, SBDS, SDHAF2, SDHB, SDHC, SDHD, SLX4, SMAD4, SMARCBI1, STK11, SUFU,
TMEMI127, TP53, TSC1, TSC2, VHL, WRN, WTI, XPA, XPC.
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ID

P017

P047
P062
P087
P134
P233
P185
P211
P044

P009

P012

P018
P065

P082
P123
P131

P132
P145

P154
P157
P200
P248
P228
P229
P289
P314
P002

P013

P052
P090

P109
P130
P136
P211

P238

P245

P250
P275
P309
P319
P107
P003
P004
P033
P048
P105
P013
P261
P076
P208
P096
P264
P030

P043

P042
PO80
P296
PO71
P192
P155
P203
P285
P058

P147

P023
P254
P266
P304
P036
P284

POO1
P166
PO81
P056
P313

P069

P112

P283

P230
P097
P160
P277
P256

Gene

ATM

ATM
ATM
ATM
ATM
ATM
ATM
ATM
BLM

BRCAI

BRCAI

BRCA1
BRCAI

BRCAI
BRCA1
BRCA1

BRCAI
BRCAI

BRCAI
BRCA1
BRCAI
BRCAI
BRCAI
BRCAI
BRCAI
BRCAI
BRCA2

BRCA2

BRCA2
BRCA2

BRCA2
BRCA2
BRCA2
BRCA2

BRCA2

BRCA2

BRCA2
BRCA2
BRCA2
BRCA2
BRIP1
CHEK2
CHEK2
CHEK2
CHEK2
CHEK2
CHEK2
FANCA
FANCD2
FANCE
FANCI
FANCI
FANCL

FANCM

FH
HNFIA
HNFIA
MUTYH
MUTYH
MUTYH
MUTYH
MUTYH
MUTYH

MUTYH

PALB2
PALB2
PALB2
PALB2
PHOX2B
PMS2

PRFI
PRFL

RAD5IC
RECQL4
RECQL4

SBDS

SBDS

SBDS

SLX4
TP53
TP53
TP53
TP53

Chr:Pos

1

:108196153

: 108196143
: 108138057
: 108155009
: 108203613

1
1
1

: 108203613
1

: 108175549
11:108192104
15: 91310153

17: 41251790

17: 41244068 -
41244071

17: 41256984
17: 41219623

17: 41246532
17: 41199683
17: 41219623

17: 41209082
17: 41215889

17: 41243513
17: 41209082
17: 41209082
17: 41209082
17: 41203112
17: 41203112
17: 41245861
17: 41246251

13: 32912236 -
32912239

13:32914109 -
32914113

13: 32914942

13: 32911300 -
32911303

13:32953937

13: 32890599

13: 32893302 -
32893303

13: 32911300 -
32911303

13: 32900635

13: 32929114
13: 32915148
13: 32972521
13: 32914174
17: 59793412
22: 29091857
22: 29121326
22: 29121326
22: 29121058
22: 29091857
22:29121087
16:89862330
3:10133904

6:35423630

15: 89849381
15:89828432
2:58388668

14:45618145 -
45618161

1:241661228
12:121432118
12:121432118

1: 45798475

1: 45798475

1: 45797228

1: 45797228

1: 45797228

1:45797760

1:45797760

16: 23641218
16: 23649427
16: 23637594
16: 23646627
4:41748030
7:6045549

10:72358804
10:72358189
17:56798156
8:145741776
8:145738437

7:66459197

7:66459197

7:66459197

16:3633330
17: 7574017
17: 7574017
17: 7574017
17:7577121

Type

Frameshift

Missense
Nonsense
Frameshift
Nonsense
Nonsense
Nonsense
Nonsense

Frameshift

Splice
Donor

Frameshift

Intronica
Splice
Donor
Frameshift
Nonsense
Splice
Donor
Frameshift

Splice
Donor

Frameshift
Frameshift
Frameshift
Frameshift
Frameshift
Frameshift
Nonsense

Frameshift

Frameshift
Frameshift

Frameshift

Frameshift

Missense
Deletion
Missense

RNA
splicing

Frameshift

Splice
Acceptor
Nonsense
Nonsense
Frameshift
Nonsense
Nonsense
Frameshift
Missense
Missense
Missense
Frameshift
Missense
Frameshift
Nonsense
Nonsense
Frameshift
Nonsense

Inframe
Frameshift

Inframe
Frameshift
Frameshift
Missense
Missense
Missense
Missense
Missense
Splice
Acceptor
Splice
Acceptor
Nonsense
Frameshift
Nonsense
Nonsense
Frameshift

Missense

Missense
Frameshift
Frameshift
Nonsense

Frameshift

Splice
Donor
Splice
Donor
Splice
Donor
Frameshift
Missense
Missense
Missense

Missense

HGVS Nomenclature

€.6691_6692insCTTTT,
(p.Leu2231SerfsTer6)

€6679C>T, (p.Arg2227Cys)
€.2626C>T, (p.GIn876Ter)
¢.3802delG,(p.Val1268Terfs)
¢.7913G>A, (p.Trp2638Ter)
€.7913G>A, (p.Trp2638Ter)
€.5644C>T, (p.Arg1882Ter)
€.6529C>T, (p.GIn2177Ter)

€.2207_2212delinsTAGATTC,
(p.Tyr736fs)

€.547+2T>A
€.3477_3480del AAAG, (p.Ilel1159Metfs)

€213-11T>G, IVS5-11T>G
€.5074+2T>C, IVS17+2T>C

c.1016dupA (p.Val340GlyfsTer6)
€.5444G>A, p.(Trp1815Ter)
€5074+2T>C, IVS17+42T>C

¢.5266dupC, (p.GIn1756ProfsTer74)
€.515242T>C

c.4035delA, (p.Glul346LysfsTer20)
¢.5266dupC, (p.GIn1756ProfsTer74)
¢.5266dupC, (p.Gln1756ProfsTer74)
¢.5266dupC, (p.Gln1756ProfsTer74)
€.5300delG, p.(Cys1767PhefsTer26)
¢.5300delG, p.(Cys1767PhefsTer26)
¢.1687C>T (p.GIn563Ter)
¢.1297delG, (p.Ala433Profs)

€.3744_3747delTGAG,
(p-Ser1248ArgfsTer10)

€.5617_5621delGTAAT, (p.Val1873Ter)

¢.6450dupA, (p.Val2151SerfsTer25)
¢.2808_2811del, (p.Ala938ProfsTer21)

€.9004G>A, (p.Glu3002Lys)
deletion éxons 1 e 2
¢.2T>G, (p.MetlArg)
¢.156_157insAlu

¢.2808_2811del, (p.Ala938Profs)
c517-1G>A, IVS6-1G>A

¢.7124T>G, (p.Leu2375Ter)
€.6656C>G, (p.Ser2219Ter)
¢.9871delT, (p.Ser3291Leufs)
€.5682C>G, (p.Tyr1894Ter)
€.2392C>T, (p.Arg798Ter)
¢.1100delC, (p.Thr367Metfs)
€349A>G, (p.Arg117Gly)
€.349A5G, (p.Argl17Gly)
<499G>A, (p.Glyl67Arg)
¢.1100delC, (p.Thr367Metfs)
¢470T>C, (p.Jle157Thr)
¢.983_986TCAC, (p.His330AlafsTer4)
¢.3817C>T, (p.Argl273Ter)
¢.355C>T, (p.GIn119Ter)
¢.3493delG, (p.Asp1165Thrfs)
.1804C>T, (p.Arg602Ter)

€.1007_1009delTAT,
(p.Ile336_Cys337delinsSer)

¢.865_881delCTTATTGTTCCGCTTGG,
(p.Leu289Ter)

c.1431_1433dupAAA, (p.Lys477dup)

<872dupC, (p.Gly292ArgfsTer25)

¢.872dupC, (p.Gly292ArgfsTer25)
¢.536A>G, (p.Tyr179Cys)
€536A>G, (p.Tyr179Cys)
c.1187G>A, (p.Gly396Asp)
c.1187G>A, (p.Gly396Asp)
c.1187G>A, (p.Gly396Asp)

€934-2A>G

€934-2A>G

€.2257C>T, (p.Arg753Ter)
¢.72delG, (p.Arg26Glyfs)
€2711G>A, (p.Trp904Ter)
.1240C>T, (p.Argd14Ter)
€.739delG, (p.Ala247ProfsTer62)
C137G>T, (pSer46lle)

¢.673C>T; (p.Arg225Trp)
.1288dupG, (p.Asp430GlyfsTer28)
¢.890_899del, (p.Leu297HisfsTer2)

¢.727C>T, (p.GIn243Ter)

€.2547_2548delGT,
(p.Phe850ProfsTer33)

€.258+2T>C
€.258+2T>C
¢258+2T>C

¢.4921dupG, (p.Val1641GlyfsTer15)
€1010G>A, (p.Arg337His)
€1010G>A, (p.Arg337His)
¢.1010G>A, (p.Arg337His)
817C>T, (p.Arg273Cys)

IbSNP

ND

18564652222
ND
1587779834
1rs377349459
1rs377349459
1rs786204433
1766706861
rs113993962

1580358047

rs80357781

rs80358061
1rs80358089

1580357569
1580356962
rs80358089

1580357906
rs886040914

rs80357711
1580357906
1580357906
1580357906
ND
ND
1rs80356898
1rs80357794
1rs80359403

ND

1rs80359595
rs80359351

1rs80359152
ND

1580358547
ND

1rs80359351

rs81002849

rs886040687
rs80358893
rs886040854
rs41293497
rs137852986
1555607708
rs28909982
28909982
1s72552322
1555607708
517879961
1772359099
15745930696
rs121434505
rs1060501884
rs1432325198
747253294

ND

1s367543046

15587776825

15587776825
rs34612342
rs34612342
1s36053993
rs36053993
1s36053993
1s77542170

rs77542170

rs180177110
rs180177142
rs1060502726
rs180177100
ND
15121434629

1528933973
rs1226526104
rs1555602141
rs1345625725

778141083

rs113993993

rs113993993

15113993993

15770425994
15121912664
15121912664
15121912664
15121913343

MAF

(gnomAD) Significance

ND

ND
ND
ND
0.000017
0.000017
ND
0.0000039
0.00017

ND

ND

0.000011
ND

ND
ND
ND

ND
ND

ND
ND
ND
ND
ND
ND
0.00004
ND
ND

ND

ND
0.00002

ND
ND
0.00001
ND

0.00002

ND

ND
ND
ND
ND
0.00015
0.00182
0.00011
0.00011
0.000023
0.00182
0.0049
0.000042
0.000015
0.000011
ND
0.000010
ND

ND

0.0010
ND
ND

0.0015

0.0015

0.003

0.003

0.003
0.0011

0.0011

0.000023
ND
ND

0.0000079
ND
0.00017

0.000012
ND
ND

0.000031

0.000010

0.0038

0.0038

0.0038

0.000027
0.00001
0.00001
0.00001
0.00001

Clinical
(Clinvar)
ND

Pathogenic
ND

Pathogenic
Pathogenic
Pathogenic
Pathogenic
ND

Pathogenic
Pathogenic
Pathogenic

Pathogenic

Pathogenic

Pathogenic
Pathogenic

Pathogenic

Pathogenic

Pathogenic

Pathogenic
Pathogenic
Pathogenic
Pathogenic
ND

ND

Pathogenic
Pathogenic

Pathogenic
ND

Pathogenic

Pathogenic

Pathogenic
ND
Pathogenic

Pathogenic
Pathogenic
Pathogenic

Pathogenic
Pathogenic
Pathogenic
Pathogenic
Conflicting
Conflicting
Pathogenic
Pathogenic
Conlflicting
Conflicting
Conflicting
Pathogenic
ND

Pathogenic
Pathogenic
ND

Conflicting

ND

Conflicting
Pathogenic
Pathogenic
Pathogenic
Pathogenic
Pathogenic
Pathogenic
Pathogenic

Conflicting
Conflicting

Pathogenic
Pathogenic
Pathogenic
Pathogenic
ND

Likely
pathogenic

Pathogenic
ND
Pathogenic
ND

Pathogenic
Pathogenic
Pathogenic
Pathogenic

ND

Pathogenic
Pathogenic
Pathogenic

Pathogenic

ACMGC(lassification

Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic
Likely pathogenic

Likely pathogenic

Likely pathogenic

Pathogenic
Pathogenic

Likely pathogenic

Pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic
Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic

Likely pathogenic

Chr:Pos, chromosome position; HGVS, Human Genome Variation Society; dbSNP, Single Nucleotide Polymorphism database; MAF, Minor allele frequency; gnomAD, genome

aggregation database; ND, not describ

ACMG, American College of Medical Genetics and Genomics.
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Distribuition of 83 germline pathogenic/likely pathogenic variants found in 24
genes
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Characteristics

Clinical stage (Stage ITI-IV vs. Stage I-1II)

Histologic grade (G3 vs. G1-2)

Histological type (Mixed and Serous vs. Endometrioid)
Age (>60 vs. <60)

BMI (>30 vs. <30)

Menopause status (Post vs. Pre and Peri)

Primary therapy outcome (PD and SD and PR vs. CR)
Residual tumor (R1 and R2 vs. R0)

Tumor invasion (%) (=50 vs. <50)

Hormones therapy (Yes vs. No)

Diabetes (Yes vs. No)

Radiation therapy (Yes vs. No)

Surgical approach (Open vs. Minimally Invasive)

Odds Ratio (95%CI)

1.617 (1.116-2.353)
3.280 (2.293-4.724)
3.166 (2.114-4.808)
1.374 (0.972-1.945)
0.774 (0.544-1.099)
1.413 (0.794-2.549)
2.864 (1.422-6.156)
1.178 (0.603-2.317)
0.915 (0.636-1.314)
0.736 (0.391-1.364)
1.221 (0.806-1.851)
1.020 (0.724-1.436)
0.957 (0.675-1.356)

P-value

0.011
<0.001
<0.001

0.073

0.152

0.243

0.004

0.630

0.630

0.333

0.346

0910

0.804
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Characteristics

Clinical stage

(IMI-1V vs. I-II)

Histologic grade

(G3 vs. G1-2)

Histological type

(Mixed and Serous vs. Endo)
Age

(>60 vs. <60)

BMI

(>30 vs. <30)

Menopause status

(Post vs. Pre and Peri)
Residual tumor

(R1 and R2 vs. R0)
Diabetes

(Yes vs. No)

Surgical approach

(Open vs. Minimally Invasive)
Primary therapy outcome
(PD and SD and PR vs. CR)
Tumor invasion (%)

(=50 vs. <50)

RPP40

(High vs. Low)

NSp0.05, *P<0.05, **P<0.01, ***P<0.001.

HR (95% CI) for OS

Univariate

3543

3.2814*

2628

1.847*

0.967™°

1.050™

3.101%%*

11728

0.709™

7720%%*

2.813***

24170

Multivariate

3.8490*

1.062N

1.286™°

1.549™°

2201

3.409**

0.259™°

2491

HR (95% CI) for DSS

Univariate

7.030%*

7.8514%*

35728

0215™

0.948™°

1214

53100+

1.195%

0.661%

13.602%%

3.281%%*

2497+

Multivariate

5.641%*

L615™

1.450™°

3.309*

54120

1.026™°

3.060%

HR (95% CI) for PFI

Univariate

3.169***

2.088***

2.109***

353"

1.046™°

1.637%¢

2.7240

1.169™

0.629*

83311

1.885*

1,799

Multivariate

2.692**

0.673"

2.079*

1.963"

0.587"%

6.283***

1.439NS

1.811*
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Description

CD8" T cells

T cells (general)

B cells

Monocyte

TAM

M1 macrophage

M2 macrophage

Neutrophils

NK cells

DC

Thi cells

Th2 cells

TFH

Th17 cells

Gene markers

CDSA
CDSB

CD3D

CD3E

cD2

cD19

CD79A

CD86
CD115(CSFIR)
ccrL2

CD68

IL10
INOS(NOS2)
IRF5
COX2(PTGS2)
CD163

VSIG4
MS4A4A
CD66b(CEACAMS)
CD11b(ITGAM)
CCR7

KIR2DL1
KIR2DL3
KIR2DLA
KIR3DLI
KIR3DL2
KIR3DL3
KIR2DS4
HLA-DPB1
HLA-DQBI
HLA-DRA
HLA-DPAI
BDCA-1(CDIC)
BDCA-4(NRP1)
CD11c(ITGAX)
T-bet (TBX21)
STAT4

STAT1
TFN-Y(IFNG)
TNF-0/(TNF)
GATA3

STAT6
STAT5A

IL13

BCL6

121

STAT3

ILI7A

None

Purity

Cor P-value Cor

-0.037
-0.227
-0.158
-0.167
-0.054
-0.057
-0.112
0.019
-0.21
0.04
-0.003
-0.03
-0.096
0.114
-0.123
0.132
0.005
0.065
-0.188
-0.201
-0.169
-0.061
-0.085
-0.03
-0.112
-0.018
-0.055
-0.108
-0.221
-0.201
-0.137
-0.126
-0.265
-0.041
-0.184
-0.054
-0.092
0.374
0.025
0.085
-0.093
-0.081
-0.05
-0.039
-0.047
-0.04
0.043
0.015

0.386

Eees
pees

Eaas

0.205
0.182

ot

0.665

0.357
0.478
0.272

ot

0.06
0.247
0.369
0.269
0.349
0317
0.718

-0.058
-0.27
-0.157
-0.192
-0.056
0.042
-0.081
0.02
-0.144
0.09
0.004
0.064
-0.12
0.109
-0.058
0.193
0.092
0.111
-0.154
-0.146
-0.16
-0.073
-0.131
-0.043
-0.213
-0.095
-0.111
-0.183
-0.206
-0.209
-0.129
-0.111
-0.229
0.018
-0.164
-0.051
-0.064
0.367
0.014
0.138
0.006
0.056
0.004
-0.009
-0.049
-0.045
0.107
-0.018

P-value

0.325

ok
ot

*hk

0.338
0.474
0.165
0.733

0.126
0.945
0.272

0.062
0.325

0.114
0.058

%
%

%

0918
0.342
0.948
0.881
0.404
0.444
0.067
0.754

*P < 0.05, **P < 0.01, ***P < 0.001. Cor: Spearman’s rho value; None: no adjusted
correlation; Purity: correlation adjusted by tumor purity. The results were based on
TIMER database analysis.
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Endometrial Colorectal Stomach

MSIdetect* 100% [100-95.8] 100% [100-87.6] 100% [100-91-9]
mSINGS* 98.8% [100-93.7] 100% [100-87.6] 100% [100-91.9]
MANTIS** 100% [100-95.8] 100% [100-86.3] 100% [100-91.9]

Asterisks indicate that * algorithm relies on comparison of tumor sample with a set of baseline samples or ** matching normal sample. Values inside square brackets indicate the 95%

Confidence Interval for all estimates.
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Endometrial Colorectal Stomach

MSIdetect* 96.1% [98.6-91.8] 98.3% [99.9-90.9] 100.0% [100-95.7)
mSINGS* 94.9% [97.8-90.1] 98.3% [99.9-90.9] 100.0% [100-95.7)
MANTIS** 97.4% [99.3-93.6] 98.1% [99.9-90.1] 100.0% [100-95.7]

Asterisks indicate that * algorithm relies on comparison of tumor sample with a set of baseline samples or ** matching normal sample. Values inside square brackets indicate the 95%
Confidence Interval for all estimates.
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Clinical pathological characteristics Cy0 and PO (n=19) Cy+ or P+ (n = 13) P

Age* 76.3£5.3 71127 N.S
Gender

Male 10 (52.6%) 8 (61.5%) N.S
Female 9 (47.4%) 5 (38.5%)

N/L** 27 (1.2-22) 29(1.6-5.7) N.S
P/L** 136.4 (68.11-342.9) 144.1 (89.71-255-9) N.S
L/M** 2.45 (0.97-6.68) 2.92 (1.14.03) N.S
Surgery***

Subtotal

Gastrectomy GaGastrectomy 7 (36.9%) 8 (61.5%) N.S
Total

Gastrectomy 11 (57.9%) 5 (38.5%)

Lymphoadenectomy

Level***:

D1 2 (10.5%) 2 (15.5%) N.S
D2 11 (57.9%) 9 (69,2%)

D2+ 6 (31.6%) 1(7,7%)

Lauren Hystotype***:

Intestinal 13 (68.4%) 6 (46.2%) N.S
Diffuse 4(21.1%) 6 (46,2%)

Mixed 1 (5.3%) 1 (7.6%)

Signet Ring Cell:

Yes 1(5.3%) 2 (15.4%) N.S
No 18 (94.7%) 11 (84.6%)

pT

2 3(15.8%) 1(7.6%)

3 9 (47.4%) 3(23.1%) N.S
4a 5 (26.3%) 7 (63.8%)

ab 2 (10.5%) 2 (16.5%)

pN

0 5 (26.3%) 1 (7.6%)

1 1(6.8%) 1(7.6%)

2 3 (15.8%) 4 (30.8%) N.S
3a 5 (26.3%) 2 (15.5%)

3b 5 (26.3%) 5 (38.5%)

Stage

| 1(5.4%) 0

I 4(21.0%) 0

lla 4 (21.0%) 0 < 0.0001
lib 6(31.6) 0

lic 4 (21.0%) 0

v 0 13 (100%)

Lymphonodal Harvasted 46 (8-126) 34 (15-44) 0.05
Ln ratio 0.18 (0-0.85) 0.20 (0-0.75) ns
Veno-Lymp. Invasion

Yes 17 (89.5%) 11 (84.6%)

No 2 (10.5%) 1 (76%) ns
Periner. Invasion

Yes 13 (68.4%) 10 (76.9%) n.s
No 2 (10.5%) 3(23.1%)

Patients were subdivided according to the presence or not of peritoneal disease (Cyoand Povs. Cy+ or P+). * Mean and SD; **Median values and range; ***data of Lauren classification
were missed in one patient from each group. ns, not statistic.
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Variable

Probabilities

To be tested positive with a genetic test

Choice of prophylactic option
Mastectomy

Oophorectomy

Both

From well to BC

Carriers

Non-carriers

From well to OC
Carriers
Non-carriers

From well to death

From BC or post-BC to BC
Carriers
Non-carriers

From BC or post-BC to death (BC mortality)
From BC or post-BC to Metastatic BC

From BC or post-BC to OC
From metastatic BC to death

From OC to death

Development of breast cancer
Women with bilateral mastectomy

Women with oophorectomy

Women with bilateral mastectomy and

oophorectomy

Development of ovarian cancer
Women with bilateral mastectomy

Women with oophorectomy

Women with bilateral mastectomy and

oophorectomy

Utility values

Well, at age 30

Annual decrease due to age
Healthy high-risk women

Prophylactic mastectomy, oophorectomy or both
Annual increase after prophylactic mastectomy or
both cophorectomy and mastectomy in years 2—

5
BC
Post-BC

Annual increase after BC in years 2-5

Metastatic BC
oC
Post-OC

Annual increase after OC in years 2-5

Value (SD)

0.18

0.03 (0.02-0.04)
0.12(0.10-0.14)
0.12 (0.09-0.17)

30-34 y.0.: 0.012 (0.01-0.013), 35-39: 0.016 (0.014-0.017), 40-44: 0.022 (0.020~
0.024), 45-49: 0.027 (0.025-0.029), 50-54: 0.029 (0.027-0.031), > 55 0.037 (0.033~
0.040)

30-34: 0.0011 (0.0001), 35-39: 0.0017 (0.0001), 40-44: 0.002 (0.0002), 45-49: 0.004
(0.0004), 50-54: 0.006 (0.0008), > 55: 0.008 (0.0008)

0.013(0.052)
0.00008728

30-34: 0.004, 35-39: 0.006, 40-44:0.009, 45-49: 0.013, 50-54: 0.019, 55-59:
0.028, 60-64: 0.043, 65-69: 0.065, 70-74: 0.1, 75-79: 0.16, 80-84: 0.25, 85> 1

0.069 (0.054-0.091)

0.003 (0.001)

0.006 (0.004)

0.0134 (0.0097-0.01737)

0.007 (0.004-0.010)

y1: 0.37 (0.31-0.48), y2: 0.61 (0.53-0.73), y3: 0.76 (0.68-0.86), y4: 0.85 (0.78-0.92),
¥5: 0.9 (0.85-0.96)

y1: 0.10 (0.04), y2: 0.18 (0.06); y3: 0.25 (0.07), y4: 0.32 (0.08), y5: 0.39 (0.08)

There are no cases reported in BCH

30-34: 0.014 (0.01-0.013), 35-39: 0.016 (0.014-0.017), 40-44: 0.022 (0.020-0.024),
45-49: 0.027 (0.025-0.029), 50-54: 0.029 (0.027-0.031), = 55 0.037 (0.033-0.040)
There are no cases reported at BCH

There are no cases reported at BCH
0.01 (0.0004-0.32)
0

0. 920 (0.0072)—baseline

0.00029

Multiplier: 0.92

Multipliers: 0.88 (0.22), 0.95 (0.1), 0.83 (0.1)
0.008 (0.001), 0.02 (0.011)

Muttiplier: 0.77 (0.18)
Multiplier 0.79 (0.18)
0.0021 (0.0007)

Multiplier: 0.64 (0.12)
Multiplier: 0.34 (0.30)
Multiplier: 0.83 (0.25)
0.111(0.022)

BC, breast cancer; OC, ovarian cancer; SD, standard deviation; BCH, Barretos Cancer Hospital.
bt was assumed that it has the similar breast cancer risk of BRCA carrier women.

Sources

(BCH)

(24, 25)

(BCH)
26, 27)
@8

(BCH)
(BCH)
(BCH)

(80)

(80)

@1

©)

Assumption based on
previous modeling studies
©2,32)

83

@3

Assumption based on
previous modeling studies
(22, 32)

(34).

85)

(85)

Assumption based on
previous modeling studies
(©2,32)
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Costs of test, preventive surgeries and surveillance, value in R$ (US$)

BRCA testing

Intensive screening and genetic counseling

Standard care

Prophylactic mastectomy

Prophylactic salpingo-oophorectomy

Both prophylactic mastectomy and salpingo-oophorectomy
Breast cancer treatment

Breast cancer—index

Cost per procedure group (%) 1° year
Diagnostic (%) 1,085.93 (6.96)
Surgical procedures (%) 2,219.87 (12.46)
Clinical procedures

Hormonotherapy (%) 440.00 (2.47)
Neoadjuvant chemotherapy (%) 5,489.87 (30.81)
Adjuvant chemotherapy (%) 2,673.44 (15.00)
Radiotherapy (%) 5,904.00 (33.14)
Sum per health state per year 17,813.11
Breast cancer—first- or second-degree relatives

Cost per procedure group (%) 1° year
Diagnostic (%) 1021.89 (6.17)
Surgical procedures (%) 2237.39 (13.52)
Clinical procedures (%)

Hormonotherapy (%) 440.00 (2.66)
Neoadjuvant chemotherapy (%) 4,455.75 (26.93)
Adjuvant chemotherapy (%) 2,481.06 (15.00)
Radiotherapy (%) 5,904.00 (35.69)
Sum per health state per year 16,540.09
Metastatic breast cancer

Cost per procedure group (%) 1° year
Diagnostic (%) 3,124.01 (16.98)
Clinical procedures (%)

Hormonotherapy (%) 440.00 (2.39)
Palliative chemotherapy (%) 12,340.32 (67.09)
Radiotherapy (%) 2,488.28 (13.52)
Sum per health state per year 18,392.61
Ovarian cancer

Cost per procedure group (%) 1° year
Diagnostic (%) 544.18 (3.83)
Surgical procedures (%) 829.10 (5.83)
Clinical procedures (%)

Chemotherapy (%) 6,624.18 (46.57)
Palliative chemotherapy (%) 6,227.46 (43.78)
Sum per health state per year 14,224.92

2° year
317.62(33.12)

440.00 (45.88)

201.33 (20.99)

958.95

2° year
317.38 (33.97)

440.00 (47.09)

176.89 (18.9)

934.27

2° year
2,956.77 (17.10)

1,663.45 (9.62)
12,665.36 (73.27)

17,285.58

2° year
270.23 (3.15)

8,303.28 (96.85)
1,654.11

1135° (524.98)
428,85 (198.36)
56.00 (25.44)
3484.26 (1611.59)
621.00 (287.23)
4105.26 (1898.83)

3° year 4° year
279.03 (38.80) 279.03 (38.80)
440.00 (61.19) 440.00 (61.19)
719.08 719.03
3° year 4° year
279.03 (38.80) 279.03 (38.80)
440.00 (61.19) 440.00 (61.19)
719.08 719.03
3° year 4° year
1,690.37 (11.30) 1699.77 (10.68)
138.62 (0.92) -
13,120.92 (87.76) 14,214.25 (89.31)
14,949.91 15,914.02
3° year 4° year
259.77 (4.0) 240.68 (100)
6,227.46 (96.0) N
6,487.23 240.68

5° year
279.03 (38.80)

440,00 (61.19)

719.03

5° year
279.03 (38.80)

440.00 (61.19)

719.08

5° year
1,699.77 (10.68)

14,214.25 (89.31)

15,914,02
5° year

240.68 (100)

240.68

“Considering high uncertainty in cost values, for sensitivity analysis, an assumption of 40% standard deviation was made.

®Mean cost considering one index and two relative women tested.
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Strategy Cost (R$) Incremental costs (R$) QALYs Incremental QALYs LYG Incremental LYG ICER (R$)
Costs/QALY Costs/LYG

No testing 3,502 14.4 16,0
Testing 5,298 1,726 14.6 0.2 16,01 0.2 11,900.31 10, 988.67
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