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Introduction

Thymic epithelial tumors (TETs) are malignancies arising from the epithelium of the thymic gland, rare but with relatively favorable prognosis. TETs have different pathological subtypes: thymomas and thymic carcinoma, and they show different clinical characteristics regarding prognosis, pathology, and molecular profiles, etc. Although some studies have investigated the pathogenesis of TETs, more molecular data is still needed to further understand the underlying mechanisms among different TETs subtypes and populations.



Methods

In this study, we performed targeted gene panel sequencing and whole transcriptome sequencing on the tumor tissues from 27 Chinese TET patients, including 24 thymomas (A, AB, and B subtypes) and 3 thymic squamous cell carcinomas. We analyzed the genetic variations and differentially expressed genes among multiple TET subtypes. Moreover, we compared our data with the published The Cancer Genome Atlas (TCGA) TET data on both the genetic and transcriptomic levels.



Results

Compared with the TCGA TET genomic data, we found that NF1 and ATM were the most frequently mutated genes (each with a frequency of 11%, 3/27). These mutations were not mutually exclusive, since one B1 thymoma showed mutations of both genes. The GTF2I mutation was mainly enriched in subtype A and AB thymomas, consistent with the previous reports. RNA-seq results unveiled that the genes related to thymus development (FGF7, FGF10 and CLDN4) were highly expressed in certain TET subtypes, implicating that the developmental process of thymus might be linked to the tumorigenesis of these subtypes. We found high expression of CD274 (PD-L1) in B2 and B3 thymoma samples, and validated its expression using immunohistochemistry (IHC). Based on the expression profiles, we further established a machine learning model to predict the myasthenia gravis status of TET patients and achieved 90% sensitivity and 70.6% specificity in the testing cohort.



Conclusion

This study provides the first genomic and transcriptomic analysis of a Chinese TET cohort. The high expression of genes involved in thymus developmental processes suggests the potential association between tumorigenesis of TETs and dysregulation of developmental pathways. The high expression of PD-L1 in B2 and B3 thymomas support the potential application of immunotherapy on certain thymoma subtypes.





Keywords: thymic epithelial tumor, thymoma, next-generation sequencing, PD-L1, RNA-seq



1 Introduction

Thymoma and thymic carcinoma (TC) are thymic epithelial tumors (TETs) with low occurrence rate, roughly 1-5 cases per million population per year (1, 2). Pathologically, thymomas can be stratified into A, AB, B1, B2 and B3 subtypes depending on the morphology and the proportion of cancer cells and lymphocytes (3). A and AB thymomas are generally considered to be low malignancy, whereas B and TC subtypes are associated with moderate and high malignancy, respectively (1, 2). Auto-immune disorders, such as myasthenia gravis (MG), are the most frequent syndrome co-occurring with thymomas (4). A few studies have focused on characterizing genomic variations and expression of certain genes in thymomas and TCs (5–9), which provide new insights to decipher mechanisms of tumorigenesis and develop novel therapeutic strategies for clinical practice. However, more molecular data is still needed to deeply understand the TET etiology among different subtypes and populations.

Mutations and aberrant expression levels of several genes have been identified in thymoma and TC. EGFR is highly expressed in some thymoma and TC samples, but only a few mutations have been identified within EGFR in thymoma samples (10). Mutations and overexpression of ERBB2, KRAS, and TP53 are found in TC samples (5). The high expression of KIT has also been confirmed in TCs (10, 11). However, mutations have been rarely found in KIT in either TCs or thymomas (12). A leucine to histidine substitution (L383H, L404H) of GTF2I was recently identified to be one of the most frequent mutations in A and AB thymomas (13). In vitro experiments showed the mutations were associated with the tumorigenesis of thymomas (13). Radovich et al. also demonstrated the high prevalence of GTF2I L424H mutation in A and AB subtypes (6).

The application of next-generation sequencing (NGS) has greatly broadened the mutational landscape of thymomas and TCs. Wang et al. identified mutations of several genes related to epigenetic regulation in both thymomas and TCs, including BAP1, SETD2, ASXL1, SMARCA4, DNMT3A, TET2, and WT1 (8). Mutations of the RAS family genes, including HRAS and NRAS, were also identified by a 50-gene panel on A, B3, and TC subtypes (7). Another study identified recurrent somatic mutations of TET2, CYLD, SETD2, TP53, FBXW7, HRAS, and RB1genes on TC samples by whole exome sequencing (WES) (9). These studies provide a more thorough understanding of the mutational landscapes of TET, although mechanistic insight is still needed to understand the relationship between different subtypes and to provide new clues for development of therapeutic strategies.

The TCGA TET study represents the most systematic investigation on molecular profiles of thymomas and TCs so far (6). In the study, 117 samples from various thymoma subtypes and TCs were analyzed by WES, RNA-seq, miRNA-seq, DNA methylation and RPPA arrays. Unsupervised clustering resulted in four clusters which were consistent with the pathologic classifications. The auto-immune MG was linked to somatic copy number variations and the intratumor over-expression of auto-antigen related genes, such as CHRNA1, NEFM, and RYR3 (6). GTF2I mutated samples had higher expression in several pathways related to cancer and cell signaling. Meanwhile, the TCGA TET study still leaves the interpretation of expression differences between subtypes as an open question. Importantly, it was worth noting that more than 80% of people in the TCGA cohort were Caucasian, and the Asian population was under-represented. More molecular studies on TET patients of other ethnicities are still needed.

In this pilot study, we present a comprehensive analysis on genomic and transcriptomic data of a Chinese TET cohort of 27 patients. To unveil the specific mechanisms involved in TET tumorigenesis of Asians, we made a thorough comparison between our cohort and the TCGA TET cohort on both the genomic variation and expression profiles of each subtypes.



2 Materials and Methods


2.1 Patients and Sample Collection

Twenty-seven TET patients, including 24 thymomas and 3 thymic squamous cell carcinomas, were enrolled in this study (Table 1 and Supplementary Tables 1, 2). All patients were Chinese and were treated in Peking Union Medical College Hospital. Clinical characteristic information regarding age, gender, race, histological classification, and clinical stage (Masaoka and TNM staging) were collected. Fresh frozen tumor tissue and white blood cells were collected from each patient during surgery or biopsy with informed consent forms and approval from the Ethics Committee of the Peking Union Medical College Hospital. Part of fresh tissue sampled from multiple distinct regions of the resected tumor tissue was made to one or several formalin-fixed, paraffin-embedded blocks in the pathology department of the hospital. The histologic subtypes for the 27 patients were examined following the 2015 World Health Organization (WHO) classification of tumors of the thymus (4th edition) (14). The CT images and immunohistochemistry (IHC) results were provided in the Supplementary Tables 1, 2. Typical hematoxylin and eosin (H&E) result of each histological subtype (A, AB, B1, B2, B3 and TC) was also obtained (Supplementary Figure 1). The remained fresh tissue was frozen by liquid nitrogen and transported to the molecular lab for DNA panel and RNA-seq analysis.


Table 1 | Clinical characteristics of the 27 thymic epithelial tumor (TET) patients.





2.2 Sample Processing

Before DNA and RNA extraction, a frozen tissue section for each sample was cut by a cryostat (Leica CM 1950, Leica Biosystems, Wetzlar, Germany), then fixed on glass slide and stained by Hematoxylin and Eosin (H&E) to examine the tumor percentage of the tissue sample. The tumor cell proportions are confirmed to be above 20%. DNA and total RNA were extracted from fresh frozen tissue using the DNeasy Blood&Tissue Kit (Qiagen, Valencia, CA, USA) and RNeasy Mini Kit (Qiagen), respectively, following the manufacturer’s protocols. Genomic DNA was extracted from peripheral blood using the QIAamp DNA Mini and Blood Mini Kit (Qiagen) per manufacturer’s protocol. The Qubit 3.0 Fluorometer and Qubit dsDNA HS Assay kit (Life Technologies, Carlsbad, CA) were used to quantify DNA following the manufacturer’s recommended protocol. The quality and quantity of extracted RNA were evaluated with NanoDrop 2000 (ThermoFisher, Pittsburgh, PA, USA) and Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA).



2.3 DNA Sequencing

NGS library preparation was performed to the DNA samples using KAPA Hyper Prep kit (Kapa Biosystems, Wilmington, MA, USA) according to the manufacturer’s instruction and hybridized with probes targeting to the whole exons of 474 cancer-related genes using SureSelectXT Target Enrichment System (Agilent Technologies, Santa Clara, CA, USA). The libraries were sequenced using the HiSeq-X10 platform (Illumina, San Diego, CA, USA).

FASTQ files of raw sequencing reads were generated using bcl2fastq Conversion Software (Illumina, Version: 2.17.1.14). Low quality reads were filtered out and short reads were aligned to hg38 genome using bwa-0.7.15 (15). PCR duplicates were removed using GATK Picard. Indel realignment and base recalibration were performed by GATK to improve indel detection sensitivity and correct bias of base quality scores (16). MuTect2 and GATK were used for single nucleotide variation (SNV) and indel calling, respectively. All variants were annotated with HGVS using snpEff-2.3.7 (17). Only coding region variants (SNV and INDEL) with mutation allele frequencies (MAF) ≥ 5% were retained for further analysis. The tumor mutation burden (TMB) was calculated by counting the non-synonymous somatic mutations in coding regions and normalized by the panel size as previously described (18).



2.4 RNA Sequencing

The RNA-seq library was constructed using NEBNext Ultra Directional RNA Library Prep Kit (New England Biolabs, Ipswich, MA, USA) according to the manufacturer’s instructions, and qualified using Qubit 3.0 Fluorometer (Life Technologies, Carlsbad, CA, USA) and 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA). Libraries were sequenced on HiSeq-X10 platform (Illumina, San Diego, CA, USA).

After FASTQ was generated, low quality reads were filtered out and short reads were mapped to hg38 reference genome and ensemble 93 genome annotation using STAR (19). Gene expression quantification was performed using RSEM (20) to obtain the fragment per kilo exon per million reads (FPKM) value of each gene. Coefficient of variation (CV) was calculated for each gene. Three thousand genes with the largest CV were selected for clustering. All samples were clustered by hierarchical clustering with ward D2 method. Cluster heat maps were generated using pheatmap. The sample and gene cluster numbers were determined using ConsensusCluster (21). Genes with median FPKM larger than 4 were considered as highly expressed in each cluster. STRING web tools was used to perform pathway enrichment analysis of highly expressed genes (22). The differential gene expression analysis among clusters was performed using DESeq2 (23).



2.5 Protein-Protein Interaction Network Analysis

PPI network analysis was performed to investigate the potential effects of somatic mutations on cellular functional networks. Mutations in genes were first filtered by the gene expression levels based on the FPKM (fragment per kilo exon per million reads) values (> 4). These highly expressed genes were then mapped to the PPI network from STRING database, and further subjected to gene clustering using the Markov clustering (MCL) method provided on STRING website.



2.6 Immunohistochemistry for PD-L1

Before PD-L1 immunohistochemistry (IHC), we first estimated the tumor cell percentage (TCP) of FFPE tissue using hematoxylin and eosin (H&E). FFPE samples with more than 100 tumor cells were further examined by IHC using PD-L1 IHC 22C3 pharmDx (Agilent Technologies, Santa Clara, CA, USA) according to the manufacturer’s instructions. PD-L1 expression in TET tumor tissue is determined by the tumor proportion score (TPS). TPS is the percentage of viable tumor cells showing partial or complete membrane staining at any intensity (≥ 1+) relative to all viable tumor cells present in the sample, which is defined accordingly:

	

Based on the TPS, the expression level of PD-L1 protein is defined as ‘High expression’ (TPS ≥ 50%), ‘Positive’ (1% ≤ TPS < 50%) and ‘Negative’ (TPS < 1%).



2.7 Prediction on Myasthenia Gravis Using SVM

LIB-SVM 3.25 was used for construction of support vector machine (SVM) model in this study (24). Gene expression profiles of the TCGA cohort and our cohort were normalized using the median absolute deviation (MAD) method (6). The prediction power of each gene in the top variable gene list was evaluated using the single gene SVM model by the area under the curve (AUC) from the Receiver Operating Characteristics (ROC) analysis. The forward selection was then used to construct a gene set for prediction. SVM hyper parameters were selected using the top three gene sets. The top three gene set models were used on the validation cohort to evaluate the generalization error performance.




3 Results


3.1 Clinical Characteristics

Twenty-seven patients with clinical diagnoses of thymoma or TC (thymic squamous cell carcinoma) were enrolled in this study (Table 1 and Supplementary Tables 1, 2). The median age of all the patients was 53, ranging between 25 and 70 years, and there were 12 male and 15 female patients. The histologic types for the 27 patients were determined by pathological examination following the 2015 World Health Organization (WHO) classification of tumors of the thymus (4th edition) (14), which were classified into A type (n = 2), AB type (n = 6), B1 type (n = 4), B2 type (n = 7), B3 type (n = 5), and TC (n = 3) (Supplementary Figure 1). All the three TC samples were histologically diagnosed as thymic squamous cell carcinomas with CD5+ and CD117+. Most of the patients were in Masaoka stage I (n = 13), with the remained patients distributed in stage II (n = 5), and stage III (n = 9). For TNM staging, there were also 13, 5, and 9 patients distributed in stage I, II, and III, respectively.



3.2 Genome Variation of Subtypes in TETs

DNA samples from the paired tissue and white blood cells for each patient were sequenced using a 476-gene panel (Supplementary Table 3). In total, 27 tissue samples from thymoma or TC were sequenced. We used MAF ≥ 5% as the cutoff for variant filtering. Fifty-eight genomic variations from 47 genes were identified (Figure 1). The average TMB of the 27 samples was as low as 0.82 mut/MB, which was consistent with the low mutation burden discovered in the TCGA TET study (6). Ten samples possess a TMB of 0 mut/MB. Four of the six samples with TMB > 1 mut/MB were found in the B subtypes. One A subtype and two B subtypes had exceptionally high TMB > 5 muts/MB. Of the three TC samples, only the sample with MSH6 mutation had a TMB of 0.95 mut/MB and the other two was 0 mut/MB. Consistently, the two carcinomas from Asian patients in the TCGA cohort also had a low mutational burden (0.13 and 0.66 mut/MB).




Figure 1 | Mutational landscape of the 27 patients with thymoma or thymic carcinoma. The percentages in the left showing the frequency of each gene mutated in the cohort. The bottom of the figure shows pathological types of each sample. Type B contains all B subtypes, including B1, B2 and B3. The top of the figure shows mutational burden for each sample, red for synonymous mutations and blue for non-synonymous mutations.



Among the 47 genes carrying at least one mutation, NF1 and ATM were the most frequently mutated genes (11%, 3/27) in all samples. The predicted pathogenicity of the identified mutations was also retrieved from NCBI ClinVar database (25). Three NF1 mutations were detected in one B1 (G1090*, nonsense mutation, unknown), one B2 (D1067V, missense mutation, likely benign) and one B3 (P1087L, missense mutation, unknown) subtypes. Three ATM mutations were identified in one A (P424H, missense mutation, uncertain significance), one B1 (R493G, missense mutation, unknown) and one B3 (S169F, missense mutation, uncertain significance) subtypes. These mutations were not mutually exclusive, since the B1 thymoma showed mutations of both genes. One AB subtype had a KRAS A59del mutation, and another AB subtype had an NRAS Q61K mutation. Only one TC sample were identified to have somatic mutations, which are MSH6 I927M (missense mutation, uncertain significance) and TERT R972S (missense mutation, unknown). IHC result didn’t show loss of MSH6 protein expression and thus didn’t imply microsatellite instable status. MSH6 I927M is predicted to be uncertain significance as also supported by the finding that the respective TC sample did not exhibit a high TMB as would be expected in a microsatellite instable tumor. The TC samples in our study had fewer somatic mutations than thymoma samples, which might implicate that somatic mutation related tumorigenesis differs in thymomas and TCs. We found significant enrichment of mutated genes in both the RAS (q=7E-8) and PI3K-Akt signaling pathways (q=2E-7), including AKT3, CSF1R, FGFR4, KRAS, NRAS, PIK3CA, and PIK3CB (Figure 1 and Supplementary Table 4), and those mutated genes were mainly enriched in thymoma samples, suggesting that RAS and PI3K-Akt signaling pathways may involve in the tumor development of thymoma. In summary, the two most frequently mutated genes in our cohort, NF1 and ATM, could be somatic mutations specific to Chinese TET patients, as no NF1 or ATM mutations were found in the TCGA TET cohort.



3.3 Perturbation of Somatic Mutations on Protein-Protein Interactions

The functions of somatic mutations in our TET cohort were further explored for their potential perturbation on cellular PPI network. Twenty-eight highly expressed genes harboring 37 non-synonymous mutations were used for perturbation analysis on the PPI network (Figure S2A). Another twenty-two genes were also included in the network if they had at least one interaction with one of the 28 highly expressed genes. Clustering analysis of the 28 genes resulted in 6 clusters on the PPI network. The largest cluster had 9 genes, primarily belonging to the RAS signaling pathway. Other clusters were much smaller and showed no significant function enrichment. Furthermore, we performed the same analysis using the mutational landscape of each subtype separately. Different subtypes showed significantly different network topologies. The largest cluster of A and AB type (Figures S2B, C) contained genes in the RAS and PI3K-Akt signaling pathways, but no overlap was observed between the two subtypes. The largest cluster of B subtypes contained four genes that did not show significant enrichment in any pathways (Figure S2D). The results from the pathway analyses and PPI network clustering analysis were largely consistent, and suggested that the functional consequences of mutated genes in thymoma were closely related to key signaling pathways in cancer, which may contribute to the tumorigenesis of TET.



3.4 GTF2I Mutation in Thymoma Samples

The GTF2I L424H mutation was a newly identified recurrent genomic variation in A and AB subtypes of thymomas (13) Since the gene was not covered by our gene panel, we analyzed the RNA-seq data for the mutation status of GTF2I in our cohort (Supplementary Table 5). Eleven samples showed the GTF2I L424H mutation, including all the six patients in the AB subtype and one patient in A subtype, which was consistent with the observation in the TCGA-TET study that the GTF2I mutation mainly occurred in the A and AB subtypes (6). Besides that, we also detected GTF2I L424H mutation in two B2 and two B3 subtypes. The frequency of GTF2I mutation in subtype B of our cohort was 25% (4/16), which was roughly equal to the frequency reported by Petrini et al. (24%, 29/122), and higher than that in TCGA cohort (11%, 6/55) (P=0.024). To further validate the GTF2I mutation status, we performed Sanger sequencing on three representative samples [i.e., P1 (A), P21 (B3) and P24 (B3)] (Figure S3). The Sanger results were consistent with the RNA-seq data, which further confirmed the occurrence of GTF2I mutation in thymoma samples.



3.5 Hierarchical Clustering on Expression Profiles of Thymomas and Thymic Carcinomas

RNA-seq data from 26 samples passed the quality control and were used for the hierarchical clustering analysis. Based on the distinct expression patterns, 5 clusters (C1-C5) were generated which were closely related to the pathogenic subtypes of thymomas and TCs (Figure 2A). Cluster 1 (C1) contains three samples, including one A and two B3 subtypes. Cluster 2 (C2) is an AB dominant cluster that includes five AB and two B2 subtypes. Except for one A subtype, all the other C3 samples are TC subtypes. Clusters C4 and C5 are dominated by B subtypes. Among them, C4 has three B2 and two B3 samples, and C5 includes four B1, two B2 and one AB subtypes. Overall, the expression profiling based clusters was generally consistent with histologic classifications.




Figure 2 | Expression profile clustering of thymoma and thymic carcinoma. (A) Five clusters were established. C1-C5, different clusters; P, patient; MG, myasthenia gravis. (B) Gene function differences between thymic epithelial tumor types. Cluster-based differential expression analysis was performed. Four splits were used to separate the five clusters. Numbers besides the cluster boxes represent numbers of highly expressed genes.



We also performed an integrative clustering analysis using a combination of the RNA-seq data from TCGA and our cohort to validate the consistency of the clusters and histologic subtypes. The combined clustering results showed that all C1 members were clustered with either A or AB samples in the TCGA data set. The A subtype that clustered together with TC subtypes, was confirmed to be an outlier in the integrative analysis of TCGA data and our data (Figure S4). It is worth noting that the samples from Asian patients of the two cohorts were evenly distributed among non-Asian clusters. No ethnics-specific gene expression profiles were discovered in this analysis.



3.6 Expression Differences Among Thymic Epithelial Tumor Subtypes

We next performed cluster-based differential expression analysis to explore the gene functional differences among different TET subtypes. Differential expression analysis was performed within the five clusters of the hierarchical clustering. Differentially expressed genes (DEGs) from each cluster were then analyzed for functional pathways enrichment (Figure 2B). We observed that subtypes of TET (C3, C4 and C5) tended to enrich in the pathways related to immune system and cell adhesion/migration, whereas the subtypes of C1 and C2 were enriched in the pathways related to developmental processes and cellular components. In the sub-branches of C1 and C2, the enriched genes functions of the C2 cluster were immune processes, whereas the C1 was related to nervous system development. Those results showed that the differentially expressed genes were more enriched in immune system and cell adhesion/migration pathways in the more malignant subtypes than that in the less malignant subtypes.

We further sought to identify genes that were specifically expressed in each cluster and analyze their biological functions (Figure 3A). Transcription factor EHF was highly expressed in C1 (Figures 3A and S5A). The high expression of EHF has been related to the progression of gastric cancer and to the elevation of HER family proteins ERBB3 and ERBB4 (26). In our study, C1 samples had higher expression levels of ERBB3 and ERBB4 (Figures S6A, B), which together with EHF, suggested possible implication of the C1 cluster to the development of epithelial malignancies (27–29). Two thymus development related genes, CLDN4 (Figures 3B and S5B) and TNFRSF11A (Figure S7B), were also highly expressed in C1 samples. RANK (coded by TNFRSF11A) is highly expressed in medullary progenitor cells and also an important regulator in medullary formation by promoting the generation of AIRE+ mature medullary epithelial cells (30) Claudin-4, which is encoded by CLDN4, is a highly expressed gene marker for medullary epithelial stem cells (31). These findings may implicate that the tumorigenesis of A subtype is associated with the deregulation of gene expression and reconstitution of stem cell like properties of medullary epithelial cells.




Figure 3 | Representative genes highly expressed in different clusters. (A) EHF; (B) CLDN4; (C) E2F8; (D) FGF7; (E) FGF10; (F) CD274 (PD-L1). The cluster name on X-axis uses the histologic type corresponding to the expression profiling cluster. The matches of dominant pathological subtype and RNA-seq clusters are: A, B3 subtypes - C1, AB subtypes - C2, TC subtypes - C3, B2, B3 subtypes - C4, and B1, B2 subtypes - C5. P-values were calculated using Mann-Whitney-Wilcoxon test. FPKM stands for fragment per kilo exon per million reads.



E2F8 gene, which involves in cell proliferation and cancer development, was found to be highly expressed in C2, C4 and C5 clusters (Figures 3C and S5C). E2F8 gene was previously reported highly expressed in several different cancers compared to their normal tissues (32, 33). To investigate whether high expression of E2F8 gene was associated with epithelial cells and immature T cells, we calculated the correlation coefficient between E2F8 and TdT gene expressions using RNA-seq data for all the C2, C4 and C5 samples. The result showed a low R-squared value of 0.36 which indicated E2F8 expression was not highly correlated with TdT expression from immature T cells, and thus implied high expression of E2F8 possibly originate from both the immature T cells and epithelial cells. Compared to C1 cluster, we did not find any expression of genes related to development of either medullary or cortex epithelial cells in C2 cluster, which might indicate a difference in tumorigenesis for the AB subtype of thymoma.

C3 contains mostly TC subtypes. KIT was highly expressed in all TC subtypes in our cohort (Figure S8A), consistent with the previous research (12) We also found that the cell surface receptor PDGFRA was highly expressed in the TC subtypes (Figure S8B). Although no statistical significance was observed for either KIT or PDGFRA due to the small size of TC samples, the trend was observed for the median expression level. Several FGF family genes, like FGF1, FGF7 and FGF11 were also highly expressed in the TC group (FGF7, Figures 3D and S5D; FGF1, Figure S6C; FGF11, Figure S6D). In the cortex, mesenchymal cells produce FGF7 that promotes the proliferation of epithelial cells (34). The high expression of FGF7 in TC subtypes supports this mechanism of self-maintenance of epithelial proliferation in TC subtypes.

C4 consisted of five B2 or B3 subtypes. FGF10, a regulator of cortex epithelial cell proliferation, was highly expressed in C4 cluster (Figures 3E and S5E), which may be related to the mechanism of self-maintenance of proliferation of B2 and B3 subtypes. Importantly, CD274 (PD-L1, Figures 3F and S5F) and PDCD1LG2 (PD-L2, Figure S7A), encoding PD-1 ligand, were highly expressed in this cluster. We further performed PD-L1 IHC and the results showed the patients with B2 or B3 thymomas in the cluster C4 had high PD-L1 expressions (Figure 4), which suggested patients with B2 and B3 thymomas could potentially benefit from immunotherapy (35–37). The biological roles for the highly expressed genes in C5 remain to be further investigated.




Figure 4 | PD-L1 IHC staining for B2 and B3 samples in the cluster C4. Top, hematoxylin and eosin (H&E) staining of the tissues. Bottom, IHC staining of PD-L1 in the cells using antibody 22C3 (Dako). Brown cells are PD-L1 staining cells. The H&E staining was used to estimate the tumor cell percentage (TCP). The expression level of PD-L1 protein is determined by the tumor proportion score (TPS), which is further divided into three types: ‘High expression’ (TPS ≥ 50%), ‘Positive’ (1% ≤ TPS < 50%) and ‘Negative’ (TPS < 1%).



Expression profiling and pathway analysis showed the differences of highly expressed genes in each cluster. These data showed that histologic subtypes and molecular clustering patterns were mostly consistent, which was also supported by the TCGA analysis. For low-risk subtypes (A and AB), the molecular function was associated with tissue development and cell proliferation. The absence of transcription factors, such as EHF and E2F8, may represent the initial steps of gene dysregulation. For the more malignant types (B2 and B3, and TC), more cancer progression related genes were highly expressed. Several important genes associated with thymus development, such as CLDN4, FGF7 and FGF10, showed high expression in certain thymoma subtypes and TCs, suggesting their potential role in the development of TETs.



3.7 Myasthenia Gravis Related Gene Analysis on Thymic Epithelial Cancer

Thymoma is often associated with an autoimmune thymus disease MG. We found 149 genes with differential expression between MG+ and MG- groups (Supplementary Table 6). Nonetheless, these DEGs did not contain genes involved in immunity or auto-antigens. Among the auto-antigen related DEGs between MG+ and MG- reported in TCGA, NEFM was highly expressed in the MG+ group in our cohort, but there was no statistically significant difference in comparison with the MG- group (Figure S9).

To investigate whether the MG status can be inferred from the gene expression profiles of TET patients, we constructed a machine learning model using SVM, in which the TCGA-TET samples (n = 104) were used as the training set to select the gene features, and 22 samples in our cohort were used as a validation set to verify the prediction performance of the model. We found that a three-gene model had optimal prediction performance between the TCGA cohort and our cohort (Figure S10). The AUC of the training and validation set was comparable (0.840 vs 0.841), with 93.8% sensitivity and 64.0% specificity for the training set, and 90% sensitivity and 70.6% specificity in the testing cohort. The three genes used in this model were PPARGC1A, GABRA5, and NEFM, in which NEFM was related to MG according to the previous reports and the TCGA TET study (6).




4 Discussion

The rare occurrence of TETs hinders clinical research and biomarker discovery. The recent integrative multi-omics study extended the knowledge of molecular signatures to the clinical characteristics of thymic epithelial tumors (6). In this pilot study, we performed genomic and transcriptomic analysis to explore the underlying molecular characteristics and mechanisms of a Chinese TET cohort. To the best of our knowledge, this is the first multi-omics study reported on a Chinese TET population.

The mutational landscape of our cohort showed several key differences from the TCGA dataset. First, the top mutated genes in our cohort did not match those in the TCGA cohort. Prevalent mutations in NF1 and ATM suggest potential difference of the mutational landscape in the Chinese TET population. Though our sample size was small, the difference in the mutation frequency of GTF2I L424H on the B subtypes still can provide preliminary evidence that the Chinese TET population may have different mutational landscape compared with the TCGA dataset. Another example of different mutational profiles between Chinese and Caucasians is different prevalence of driver mutations in lung adenocarcinoma (LUAD) (38). While east Asian LUAD patients are frequently mutated on EGFR L858R and 19del (40-55%) and less occurrence of KRAS mutations (8-12%), the Caucasians have a lower incidence of EGFR mutations (15-25%) and higher incidence of KRAS mutations (20-30%). The etiology of the Chinese TET patient could be possibly different from Caucasian population represented in TCGA. However, the expression profiles showed no obvious differences between different population groups, and the myasthenia gravis prediction model worked well for both cohorts. These results suggest that mutational landscape, which may involve in tumorigenesis, differs in populations, but with overall consistent expression patterns among them.

Consistent with the TCGA’s findings, expression profiling clusters was largely consistent with the pathological subtypes. We further demonstrated that the less malignant TETs had more gene expression of developmental processes and cellular components whereas the more malignant TETs had more genes with altered expression that associated with immune system and cell adhesion/migration. It was interesting to point out that several genes related to thymus medullary and cortex development such as CLDN4, FGF7, and FGF10 were linked to TETs. Such relationships unveil possible links between tumorigenesis and dysregulation of regulatory networks that can lead to an insightful understanding of the etiology of the disease. Targeting those genes might provide potential therapeutic clues with further cellular mechanism and clinical studies.

The expression profiling analysis also identified high expression of PD-L1 for most of the B2 and B3 subtypes in our cohort, suggesting immunotherapy opportunity for those patients. This is consistent with the previous studies which reported high PD-L1 expression in TET patients with more malignant subtypes, such as type B2 and B3 thymomas, and thymic carcinomas (39, 40). Moreover, we proposed here the first machine learning model to predict myasthenia gravis status for TET patients, which provides new perspectives for tackling the problem and could probably help high risk myasthenia gravis patients in advance.

The limitation of this study is the relatively small number of cases in view of the heterogeneity of histological subtypes in TET patients. The size of the sample was largely restricted by the low incidence of TET and the sample availability from TET patients. Another limitation is that we applied targeted gene panel rather than whole exome or whole-genome sequencing. Though the panel is relatively large and contains 476 closely cancer related genes, the resulting mutation profiles may still be limited and possibly miss novel somatic mutations associated with Chinese TET patients. Future studies should expand the sample size to further validate both the molecular profiles and the MG prediction model in Chinese TET patients and clinical applications.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics Statement

The studies involving human participants were reviewed and approved by Ethics Committee of the Peking Union Medical College Hospital. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

All authors contributed to the article and approved the submitted version. Tissue experiments were performed by NLiang, LL, JL, CH, HL, CG, WW, and RL. Pathological diagnosis was conducted by JL. Data analysis were performed by NLi, and TW. The article was written by NLiang, NLi, RL, TW, LM, and SL. Funding was acquired by NLiang and SL.



Funding

This work was supported by the Foundation for Key Program of Ministry of Education, China (Grant No. 311037), CAMS Innovation Fund for Medical Sciences (2017-12M-1-009), and Beijing Natural Science Foundation (7182132). 



Acknowledgments

We thank Zheng Li, Jingyu Yuan, Xiang Zheng for technical assistance.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.647512/full#supplementary-material



References

1. Engels, EA. Epidemiology of Thymoma and Associated Malignancies. J Thorac Oncol (2010) 5(10, Supplement 4):S260–5. doi: 10.1097/JTO.0b013e3181f1f62d

2. de Jong, WK, Blaauwgeers, JL, Schaapveld, M, Timens, W, Klinkenberg, TJ, and Groen, HJ. Thymic Epithelial Tumours: A Population-Based Study of the Incidence, Diagnostic Procedures and Therapy. Eur J Cancer (2008) 44(1):123–30. doi: 10.1016/j.ejca.2007.11.004

3. Marx, A, Strobel, P, Badve, SS, Chalabreysse, L, Chan, JK, Chen, G, et al. ITMIG Consensus Statement on the Use of the WHO Histological Classification of Thymoma and Thymic Carcinoma: Refined Definitions, Histological Criteria, and Reporting. J Thorac Oncol (2014) 9(5):596–611. doi: 10.1097/JTO.0000000000000154

4. Shelly, S, Agmon-Levin, N, Altman, A, and Shoenfeld, Y. Thymoma and Autoimmunity. Cell Mol Immunol (2011) 8(3):199–202. doi: 10.1038/cmi.2010.74

5. Weissferdt, A, Wistuba, II, and Moran, CA. Molecular Aspects of Thymic Carcinoma. Lung Cancer (2012) 78(2):127–32. doi: 10.1016/j.lungcan.2012.08.002

6. Radovich, M, Pickering, CR, Felau, I, Ha, G, Zhang, H, Jo, H, et al. The Integrated Genomic Landscape of Thymic Epithelial Tumors. Cancer Cell (2018) 33(2):244–58.e10. doi: 10.1016/j.ccell.2018.01.003

7. Enkner, F, Pichlhofer, B, Zaharie, AT, Krunic, M, Holper, TM, Janik, S, et al. Molecular Profiling of Thymoma and Thymic Carcinoma: Genetic Differences and Potential Novel Therapeutic Targets. Pathol Oncol Res (2017) 23(3):551–64. doi: 10.1007/s12253-016-0144-8

8. Wang, Y, Thomas, A, Lau, C, Rajan, A, Zhu, Y, Killian, JK, et al. Mutations of Epigenetic Regulatory Genes Are Common in Thymic Carcinomas. Sci Rep (2014) 4:7336. doi: 10.1038/srep07336

9. Saito, M, Fujiwara, Y, Asao, T, Honda, T, Shimada, Y, Kanai, Y, et al. The Genomic and Epigenomic Landscape in Thymic Carcinoma. Carcinogenesis (2017) 38(11):1084–91. doi: 10.1093/carcin/bgx094

10. Yoh, K, Nishiwaki, Y, Ishii, G, Goto, K, Kubota, K, Ohmatsu, H, et al. Mutational Status of EGFR and KIT in Thymoma and Thymic Carcinoma. Lung Cancer (2008) 62(3):316–20. doi: 10.1016/j.lungcan.2008.03.013

11. Tsuchida, M, Umezu, H, Hashimoto, T, Shinohara, H, Koike, T, Hosaka, Y, et al. Absence of Gene Mutations in KIT-Positive Thymic Epithelial Tumors. Lung Cancer (2008) 62(3):321–5. doi: 10.1016/j.lungcan.2008.03.035

12. Petrini, I, Zucali, PA, Lee, HS, Pineda, MA, Meltzer, PS, Walter-Rodriguez, B, et al. Expression and Mutational Status of C-Kit in Thymic Epithelial Tumors. J Thorac Oncol (2010) 5(9):1447–53. doi: 10.1097/JTO.0b013e3181e96e30

13. Petrini, I, Meltzer, PS, Kim, IK, Lucchi, M, Park, KS, Fontanini, G, et al. A Specific Missense Mutation in GTF2I Occurs at High Frequency in Thymic Epithelial Tumors. Nat Genet (2014) 46(8):844–9. doi: 10.1038/ng.3016

14. Travis, WD, Brambilla, E, Burke, AP, Marx, A, and Nicholson, A. WHO Classification of Tumours of the Lung, Pleura, Thymus and Heart. 4th ed. Vol. 7. IARC Lyon: WHO Classification of Tumours (2015).

15. Li, H, and Durbin, R. Fast and Accurate Long-Read Alignment With Burrows-Wheeler Transform. Bioinformatics (2010) 26(5):589–95. doi: 10.1093/bioinformatics/btp698

16. DePristo, MA, Banks, E, Poplin, R, Garimella, KV, Maguire, JR, Hartl, C, et al. A Framework for Variation Discovery and Genotyping Using Next-Generation DNA Sequencing Data. Nat Genet (2011) 43(5):491–8. doi: 10.1038/ng.806

17. Cingolani, P, Platts, A, Wang le, L, Coon, M, Nguyen, T, Wang, L, et al. A Program for Annotating and Predicting the Effects of Single Nucleotide Polymorphisms, SnpEff: SNPs in the Genome of Drosophila Melanogaster Strain W1118; Iso-2; Iso-3. Fly (Austin) (2012) 6(2):80–92. doi: 10.4161/fly.19695

18. Gandara, DR, Paul, SM, Kowanetz, M, Schleifman, E, Zou, W, Li, Y, et al. Blood-Based Tumor Mutational Burden as a Predictor of Clinical Benefit in Non-Small-Cell Lung Cancer Patients Treated With Atezolizumab. Nat Med (2018) 24(9):1441–8. doi: 10.1038/s41591-018-0134-3

19. Dobin, A, Davis, CA, Schlesinger, F, Drenkow, J, Zaleski, C, Jha, S, et al. STAR: Ultrafast Universal RNA-Seq Aligner. Bioinformatics (2013) 29(1):15–21. doi: 10.1093/bioinformatics/bts635

20. Li, B, and Dewey, CN. RSEM: Accurate Transcript Quantification From RNA-Seq Data With or Without a Reference Genome. BMC Bioinf (2011) 12:323. doi: 10.1186/1471-2105-12-323

21. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: A Class Discovery Tool With Confidence Assessments and Item Tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

22. Szklarczyk, D, Franceschini, A, Wyder, S, Forslund, K, Heller, D, Huerta-Cepas, J, et al. STRING V10: Protein-Protein Interaction Networks, Integrated Over the Tree of Life. Nucleic Acids Res (2015) 43(Database issue):D447–52. doi: 10.1093/nar/gku1003

23. Love, MI, Huber, W, and Anders, S. Moderated Estimation of Fold Change and Dispersion for RNA-Seq Data With Deseq2. Genome Biol (2014) 15(12):550. doi: 10.1186/s13059-014-0550-8

24. Chang, C-CL, and Chih-Jen,. LIBSVM: A Library for Support Vector Machines. ACM Trans Intelligent Syst Technol (2011) 2(3):27:1–27:27. doi: 10.1145/1961189.1961199

25. Landrum, MJ, Chitipiralla, S, Brown, GR, Chen, C, Gu, B, Hart, J, et al. ClinVar: Improvements to Accessing Data. Nucleic Acids Res (2019) 48(D1):D835–44. doi: 10.1093/nar/gkz972

26. Shi, J, Qu, Y, Li, X, Sui, F, Yao, D, Yang, Q, et al. Increased Expression of EHF via Gene Amplification Contributes to the Activation of HER Family Signaling and Associates With Poor Survival in Gastric Cancer. Cell Death Dis (2016) 7(10):e2442. doi: 10.1038/cddis.2016.346

27. Amsellem-Ouazana, D, Bieche, I, Tozlu, S, Botto, H, Debre, B, and Lidereau, R. Gene Expression Profiling of ERBB Receptors and Ligands in Human Transitional Cell Carcinoma of the Bladder. J Urol (2006) 175(3 Pt 1):1127–32. doi: 10.1016/S0022-5347(05)00317-4

28. Lv, Y, Sui, F, Ma, J, Ren, X, Yang, Q, Zhang, Y, et al. Increased Expression of EHF Contributes to Thyroid Tumorigenesis Through Transcriptionally Regulating HER2 and HER3. Oncotarget (2016) 7(36):57978–90. doi: 10.18632/oncotarget.11154

29. Jaiswal, BS, Kljavin, NM, Stawiski, EW, Chan, E, Parikh, C, Durinck, S, et al. Oncogenic ERBB3 Mutations in Human Cancers. Cancer Cell (2013) 23(5):603–17. doi: 10.1016/j.ccr.2013.04.012

30. Akiyama, N, Takizawa, N, Miyauchi, M, Yanai, H, Tateishi, R, Shinzawa, M, et al. Identification of Embryonic Precursor Cells That Differentiate Into Thymic Epithelial Cells Expressing Autoimmune Regulator. J Exp Med (2016) 213(8):1441–58. doi: 10.1084/jem.20151780

31. Sekai, M, Hamazaki, Y, and Minato, N. Medullary Thymic Epithelial Stem Cells Maintain a Functional Thymus to Ensure Lifelong Central T Cell Tolerance. Immunity (2014) 41(5):753–61. doi: 10.1016/j.immuni.2014.10.011

32. Park, SA, Platt, J, Lee, JW, Lopez-Giraldez, F, Herbst, RS, and Koo, JS. E2F8 as a Novel Therapeutic Target for Lung Cancer. J Natl Cancer Inst (2015) 107(9):djv151. doi: 10.1093/jnci/djv151

33. Ye, L, Guo, L, He, Z, Wang, X, Lin, C, Zhang, X, et al. Upregulation of E2F8 Promotes Cell Proliferation and Tumorigenicity in Breast Cancer by Modulating G1/S Phase Transition. Oncotarget (2016) 7(17):23757–71. doi: 10.18632/oncotarget.8121

34. Ohigashi, I, Kozai, M, and Takahama, Y. Development and Developmental Potential of Cortical Thymic Epithelial Cells. Immunol Rev (2016) 271(1):10–22. doi: 10.1111/imr.12404

35. Duan, J, Liu, X, Chen, H, Sun, Y, Liu, Y, Bai, H, et al. Impact of PD-L1, Transforming Growth Factor-Beta Expression and Tumor-Infiltrating CD8(+) T Cells on Clinical Outcome of Patients With Advanced Thymic Epithelial Tumors. Thorac Cancer (2018) 9(11):1341–53. doi: 10.1111/1759-7714.12826

36. Owen, D, Chu, B, Lehman, AM, Annamalai, L, Yearley, JH, Shilo, K, et al. Expression Patterns, Prognostic Value, and Intratumoral Heterogeneity of PD-L1 and PD-1 in Thymoma and Thymic Carcinoma. J Thorac Oncol (2018) 13(8):1204–12. doi: 10.1016/j.jtho.2018.04.013

37. Hakiri, S, Fukui, T, Mori, S, Kawaguchi, K, Nakamura, S, Ozeki, N, et al. Clinicopathologic Features of Thymoma With the Expression of Programmed Death Ligand 1. Ann Thorac Surg (2019) 107(2):418–24. doi: 10.1016/j.athoracsur.2018.08.037

38. Yang, CY, Yang, JC, and Yang, PC. Precision Management of Advanced Non-Small Cell Lung Cancer. Annu Rev Med (2020) 71:117–36. doi: 10.1146/annurev-med-051718-013524

39. Chen, HF, Wu, LX, Li, XF, Zhu, YC, Pan, WW, Wang, WX, et al. PD-L1 Expression Level in Different Thymoma Stages and Thymic Carcinoma: A Meta-Analysis. Tumori (2020) 106(4):306–11. doi: 10.1177/0300891620915788

40. Yokoyama, S, and Miyoshi, H. Comparison of PD-L1 Immunohistochemical Assays and the Significance of PD-L1 Expression in Thymoma. J Thorac Dis (2020) 12(12):7553–60. doi: 10.21037/jtd-19-3703




Conflict of Interest: NLi, RL, and TW are employees at Repugene Technology. LD and LM are employees and shareholders at Betta Pharmaceuticals.

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


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

Copyright © 2021 Liang, Liu, Huang, Liu, Guo, Li, Wang, Li, Lin, Wang, Ding, Mao and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-11-647512-g003.jpg
D - B D T g TR EERENSh
g = T [T e T
f " .
.
% olm
T R -
] £ i
I‘ N RIS
i) B






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Transcriptomic and Mutational Analysis Discovering Distinct Molecular Characteristics Among Chinese Thymic Epithelial Tumor Patients

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and Methods

        

          		

            2.1 Patients and Sample Collection

          



          		

            2.2 Sample Processing

          



          		

            2.3 DNA Sequencing

          



          		

            2.4 RNA Sequencing

          



          		

            2.5 Protein-Protein Interaction Network Analysis

          



          		

            2.6 Immunohistochemistry for PD-L1

          



          		

            2.7 Prediction on Myasthenia Gravis Using SVM

          



        



        



        		

          3 Results

        

          		

            3.1 Clinical Characteristics

          



          		

            3.2 Genome Variation of Subtypes in TETs

          



          		

            3.3 Perturbation of Somatic Mutations on Protein-Protein Interactions

          



          		

            3.4 GTF2I Mutation in Thymoma Samples

          



          		

            3.5 Hierarchical Clustering on Expression Profiles of Thymomas and Thymic Carcinomas

          



          		

            3.6 Expression Differences Among Thymic Epithelial Tumor Subtypes

          



          		

            3.7 Myasthenia Gravis Related Gene Analysis on Thymic Epithelial Cancer

          



        



        



        		

          4 Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-11-647512-g004.jpg





OEBPS/Images/fonc-11-647512-g002.jpg





OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Images/M1.jpg
20, Bf 570 =L1 SURKING COCS LIVISOr ONTS)

Total Mo of viabie tumor calls % 109

TS (%) =





OEBPS/Images/fonc.2021.647512_cover.jpg
’ frontiers
in Oncology

Transcriptomic and Mutational
Analysis Discovering Distinct
Molecular Characteristics
Among Chinese Thymic
Epithelial Tumor Patients





OEBPS/Images/fonc-11-647512-g001.jpg
8
s
4

s






OEBPS/Images/table1.jpg
Characteristic All (n=27)
Age

Median 53

Range 25-70
Sex

Male 12 (44%)

Female 15 (56%)
Race

Asian 27 (100%)
Histologic Type

A 2 (7.4%)

AB 6 (22.2%)

B1 4 (14.8%)

B2 7 (25.9%)

B3 5 (18.5%)

TG 3(11.1%)
Masaoka Stage

| 13 (48.2%)

I 5 (18.5%)

i 9 (33.3%)
TNM Stage

| 13 (48.2%)

I 5 (18.5%)

A 8 (29.6%)

B 1(3.7%)






