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The tumor microenvironment heterogeneity of papillary thyroid cancer (PTC) is poorly characterized. The relationship between PTC and Hashimoto thyroiditis (HT) is also in doubt. Here, we used single-cell RNA sequencing to map the transcriptome landscape of PTC from eight PTC patients, of which three were concurrent with HT. Predicted copy number variation in epithelial cells and mesenchymal cells revealed the distinct molecular signatures of carcinoma cells. Carcinoma cells demonstrated intertumoral heterogeneity based on BRAF V600E mutation or lymph node metastasis, and some altered genes were identified to be correlated with disease-free survival in The Cancer Genome Atlas datasets. In addition, transcription factor regulons of follicular epithelial cells unveil the different transcription activation state in PTC patients with or without concurrent HT. The immune cells in tumors exhibited distinct transcriptional states, and the presence of tumor-infiltrating B lymphocytes was predominantly linked to concurrent HT origin. Trajectory analysis of B cells and plasma cells suggested their migration potential from HT adjacent tissues to tumor tissues. Furthermore, we revealed diverse ligand–receptor pairs between non-immune cells, infiltrating myeloid cells, and lymphocytes. Our results provided a single-cell landscape of human PTC. These data would deepen the understanding of PTC, as well as the immunological link between PTC and HT.
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INTRODUCTION

Thyroid cancer is the most common endocrine malignancy worldwide, with significant increases in incidence around the world over the past three decades (Pellegriti et al., 2013). The global incidence rate in women is 10.2 per 100,000, and that in men is 3.1 per 100,000. This disease represents 5.1% of all estimated female cancer burden (Bray et al., 2018). Papillary thyroid cancer (PTC) is the most prevalent subtype of thyroid cancer, accounting for 70 to 85.9% of the incidence of all thyroid cancers (Kwak et al., 2010). Although PTC is generally indolent and shows a favorable prognosis, some metastasized lesions are not treatable with radioactive iodine or surgery therapy.

With the advances in genomic and transcriptome sequencing technologies, some potential marker genes for PTC diagnosis and progression have been identified. BRAF/RAS gene alteration matched treatment represents the gene-targeted therapy. Besides, gene expression–based molecular subtyping of PTC could be potentially used as a prognostic tool with important clinical relevance. BRAF V600E mutation has the strong predictive power for the diagnosis and aggressive pathological results of PTC (Kebebew et al., 2007; Xing et al., 2014; Wang et al., 2016). However, conventional genomic and gene expression profiling is applied to characterize a bulk tumor and ignore the intertumoral heterogeneity. PTC is a highly heterogeneous tumor composed of diverse populations of lymphocytes and myeloid cells that affect tumor initiation, progression, and treatment resistance. Some studies have reported a correlation between positive or negative clinical outcomes in thyroid cancer patients and tumor-infiltrating immune cells (Gooden et al., 2011; Gentles et al., 2015). Myeloid-derived suppressor cells are elevated in cancer patients, where they show a strong immunosuppressive potential, and are associated with a poor prognosis (Gabrilovich and Nagaraj, 2009). The frequency of tumor-associated macrophages (TAMs) changes in the distinct subtypes of thyroid cancer (Jung et al., 2015). Natural killer (NK) cells also play a central role in thyroid cancer immunosurveillance (Lee and Sunwoo, 2019). The density of lymphocytes has been reported to be correlated with improved overall survival and lower recurrences of PTC (Kuo et al., 2017). Thus, it is important to characterize tumor cells as well as immune cells to clarify their property in PTC.

Papillary thyroid cancer displayed a slow growth and lymphatic spread with rarely distant metastasis, which might be due to the frequent presence of lymphatic infiltration into tumor sites. It is reported that 18.9 to 23.2% of the PTC is concurrent with Hashimoto thyroiditis (HT), and PTC patients with synchronous appearance of HT had better prognosis compared with those without HT (Ahn et al., 2011; Konturek et al., 2013; Lee et al., 2013; Zhang et al., 2014; Resende de Paiva et al., 2017). In PTC patients with or without concurrent HT, whether tumor-infiltration lymphocytes are attracted by an antitumor immune response or influenced by a preexisting autoimmune process remains unknown. At least, an immunological link between PTC and HT could not be excluded, but the role of HT in shaping the PTC immune milieu is still unclear.

Since the first single-cell RNA sequencing (scRNA-seq) technique was published in 2009 (Tang et al., 2009), scRNA-seq has gradually become a cutting-edge method to resolve intratumor heterogeneity. Single-cell transcriptomes provided new insights into cell–cell interactions in multiple types of cancer (Zhang et al., 2019; Davis et al., 2020; Wieland et al., 2020). Some molecular studies reported the advances in follicular thyroid carcinoma and medullary thyroid carcinoma (Ceolin et al., 2012; Mohammadi and Hedayati, 2017; Borowczyk et al., 2019; Oczko-Wojciechowska et al., 2020). A recent scRNA-seq study made a comparison of tumor microenvironment (TME) in PTC between genders (Peng et al., 2021). Another most recent study delineated dedifferentiation process of anaplastic thyroid cancer and PTC at a single-cell level (Luo et al., 2021). In this study, took the advantage of Microwell-seq, a low-cost and high-throughput scRNA-seq platform that has been reported in our previous studies (Han et al., 2018, 2020), we constructed the single-cell transcriptome landscape of human papillary thyroid carcinoma. The systemic single-cell transcriptome data provided novel insights to understand the TME of PTC. We explored cell composition, functional states, cellular interactions in PTC tumors, and adjacent thyroid tissues (with HT). Specifically, previously uncharacterized HT, which PTC is often concurrent with, was included in this study to investigate the dynamic relationship of immunocytes. Taken together, the precise characterization of PTC and its microenvironment, in combination with the immunological crosstalk with HT, facilitates in-depth understanding of the PTC molecular characteristics. These results would also help in the identification of potential molecular targets for PTC diagnosis and treatment.



MATERIALS AND METHODS


Sample Collection

This study was approved by the Clinical Research Ethics Committee of the First Affiliated Hospital, School of Medicine, Zhejiang University (IIT consent: no. 700,2020), and carried out in accordance with the principles of the Declaration of Helsinki. Eight patients, including three concurrent with HT, diagnosed with PTC were recruited in our study, and all the patients signed the informed written consent for each subject and agreed to donate the specimens. A total of 10 fresh tissue samples (five samples from PTC patients without concurrent HT, three samples from PTC patients with concurrent HT, and two paired adjacent tissues of two PTC patients with concurrent HT) were collected from Chinese PTC patients undergoing thyroidectomy at the Department of Thyroid Surgery of the hospital. Paired adjacent tissues were collected by curettage at the same time as tumor tissue collection. The patients did not receive any other forms of therapy. Diagnosis of PTC and HT cases was histologically confirmed by two independent pathologists, and all of the tumor tissues were assessed by hematoxylin-eosin staining.



Single-Cell Suspension Preparation

Fresh and sterile tumor tissue fragments were initially divided into segments, after two washings with 1 × phosphate-buffered saline, the tumor pieces were dissociated into single-cell suspensions through Human Tumor Dissociation Kit (Miltenyi Biotec GmbH, Bergisch Gladbach, Germany) according to the kit manuals. Digested tumor pieces were teased through a 40-μm sieve. Then, the dissociated single cells were centrifuged, and cell pellets were resuspended in PRIM1640 (Thermo Fisher Scientific) plus 0.04% bovine serum albumin (Sigma–Aldrich). Viability was confirmed to be >90% in all samples via trypan blue (Thermo Fisher Scientific) staining, and the cell suspensions were kept on ice for the scRNA-seq.



Single-Cell RNA Library Preparation and Sequencing

Standard Microwell-seq protocol was performed to treat single-cell suspensions from different samples. In brief, single-cell suspensions and barcode beads were loaded on agarose Microwell array. Beads and cells were trapped in separated Microwells. Transcripts from lysed cell were captured by barcode oligodT bead. Beads were collected in a 1.5-mL tube to do template switch, reverse transcription, exonuclease I treatment, and cDNA amplification. Purified cDNA libraries were tagmented using a customized transposase to enrich 3’ ends of transcripts (TruePrep DNA Library Prep Kit V2 for Illumina, Vazyme, cat. no. TD513), Libraries were sequenced on Illumina Hiseq Xten (PE150 mode) by Novogene Co., Ltd., Beijing, China.



Single-Cell RNA Sequencing Data Processing

Drop-seq core computational tool (version 1.12) was used to preprocess the Microwell-seq raw data. As described in Drop-seq computational cookbook1. Online R packages of data preprocessing and detailed parameters are available at Github2. Filtered reads were used to extract cellular barcode and unique molecular identifier (UMI). We discarded the paired reads if the quality of any base in the barcode was below 10. STAR (version 2.5.2a) with default parameters was used for mapping. Reads were aligned to the Homo sapiens GRCh38 reference genome. All multialigned reads were removed, and GTF annotation files from GENCODE were used to tag aligned reads. For UMI count, molecular barcodes with one edit distance were merged to one within a gene. We excluded cells in which there were fewer than 500 UMIs. All the R packages were loaded in R (version 3.6.3), and plots were mapped using R package ggplot2 (version 3.3.5).



Cell Type Clustering and Annotation

After obtaining the digital gene expression data matrix, we used R package Seurat (version 3) for dimension reduction. Preprocessed cells and genes expressed in more than three cells were selected for further clustering and differential gene expression analysis3. Filtered data were ln (CPM/100 + 1) transformed. We selected the top 2,000 highly variable genes and top 20 principal components for clustering. Default Wilcoxon rank sum test was used by running FindAllMarkers function in Seurat to find differentially expressed markers in each cluster (min.pct = 0.25, logfc.threshold = 0.25). Uniform Manifold Approximation and Projection (UMAP) was adopted for cluster visualization. We compared known markers with human cell landscape database4 to achieve cell type annotation.



The Cancer Genome Atlas THCA Dataset Validation


Data Processing and Single-Cell Subsets Correlation Calculation

Transcriptome data from The Cancer Genome Atlas (TCGA) THCA datasets were downloaded from UCSC XENA5. Genes with average logFC > 1 were used as marker genes of each cell type. We used Spearman correlation analysis to estimate correlation between immune cell types.



Expression Analyzing of Selected Genes

A total of 568 cases with gene expression data (HTSeq-counts and HTSeq-FPKM) in THCA projects were collected from TCGA. Among them, those with clinical information were included. Then, counts and FPKM data were transformed into TPM for the following analyses. The TPM data for 500 patients were used for further analyses. All statistical analysis and plots in this validation part were produced using R (v4.0.3). Wilcoxon rank sum test and signed rank test were used to analyze the expression of selected genes in PTC samples and PTC combined with HT samples.



Survival Analysis of Selected Genes

To determine the best cutoff value of selected genes to predict disease recurrence in PTC patients, the X-tile software was used. Then, the 500 samples were divided into two groups, high-expression group and low-expression group according to the best cutoff value. Next, Kaplan–Meier method was applied to conduct the survival analysis and plot the survival curves of selected genes. In all tests, p < 0.05 was considered statistically significant.



Tumor-Infiltrating Immune Cell Profile

CIBERSORT computational method was applied for estimating the tumor-infiltrating immune cells abundance profile in all 500 samples. The profile of 21 types of immune cells was displayed by boxplot.




RNA Velocity Analysis

Velocyte (version 0.17) was used to calculate RNA velocity of B cell in samples from PTC patients with HT and adjacent tissue samples from PTC patients with HT. The rates of transcriptional changes of each cell were estimated using the ration of spliced and unspliced reads6 with default parameters. The plot was visualized with UMAP embedding. The differentiation start and end points were estimated using a Markov process with default parameters.



Single-Cell Pseudotime Trajectory Analysis

We selected differentially expressed genes (DEGs) of immune cells (B cells, plasma cells). We use monocle2 R package (version 2.4.0) to treat genes expressed in at least three cells in single-cell data. Default settings of DEGs were adopted to construct pseudotime trajectory and heatmap.



Receptor–Ligand Pairing Analysis

We used CellPhoneDB (version 2.1.3) for the analysis of potential receptor–ligand pairings. We aggregated the gene expression levels of all clusters in samples from PTC patients with HT and adjacent tissue from PTC patients with HT. Receptors and ligands expressed in more than 10% of the cells in each cluster were considered. The cutoff was set with the mean expression greater than 0.05 and p values smaller than 0.05. We used the sum of the number of receptor–ligand pairs in each cell–cell pairing to indicate the strength of the cell–cell interactions. The interaction network was visualized using Cytoscape (version 3.7.0) and ggplot2 (version 3.3.5).



Metric Learning

Metric learning is a machine learning model for the purpose of constructing distance metrics from supervised data, and the constructed distance metrics could be used for further clustering, classification, and information retrieval. Here, we used PyTorch Metric Learning tool (version 0.9.90)7 for designing a binary classifier and applied it to predict the source of follicular epithelial cells (PTC patients with concurrent HT or PTC patients without concurrent HT; by sampling triplets with default parameters). Training sets and validation sets were randomly selected and generated from our scRNA-seq data. To extract and explore genes that have important contributions to classification, we used Captum (version 0.4.0)8 for model interpretation and understanding. Finally, an R package pheatmap was applied to visualize the gene importance in prediction of the source of follicular epithelial cells.



Immunohistochemistry

Immunohistochemistry (IHC) staining was performed on 4-μm-thick, formalin-fixed, paraffin-embedded sections using an Opal multiplex IHC system (NEL811001KT, PerkinElmer) according to the manufacturer’s instructions. For IHC, tissue sections were subjected to antigen retrieval in an induction cooker for 25 min in EDTA buffer (pH 9.0). Followed by treatment with goat serum at 37°C for 40 min, tissue sections were incubated with the following antibodies: TG (ab151539), FOS (ab184938), JUN (ab178858), TFF3 (ab109104), CD55 (ab133684), CCDC80 (ab224050), CD79A/B (ab79414), and CD3D (ab109531) at 4°C overnight. All antibodies were from Abcam (Cambridge, MA, United States). Images were recorded with Metamorph software v7.5.6.0 (Molecular Device) on an Olympus IX81 inverted microscope. The images were evaluated by two independent pathologists who were blinded to the patients’ clinical information.




RESULTS


Single-Cell Profiling of Papillary Thyroid Cancer

To construct the single-cell landscape of PTC, we applied Microwell-seq to study carcinoma and non-carcinoma microenvironment cells of tumor samples from eight PTC patients diagnosed histologically, with three patients concurrent with HT. Clinical information of all patients is shown in Table 1. Diagnosis of all of the PTC patients [including lymph node metastasis (LNM), HT, and BRAF V600E mutation] was histologically confirmed by two independent pathologists. Tumor samples from PTC patients and adjacent tissue samples from PTC patients with concurrent HT were digested into single cells for standard workflow of Microwell-seq (Figure 1A). After removing low-quality cells, we generated 14,252 cells in eight tumor samples from PTC patients and 9,178 cells in two adjacent tissue samples (HT tissues) from PTC patients with concurrent HT for downstream clustering. The aggregated single-cell transcriptome landscape of eight tumor samples (five samples from PTC patients without concurrent HT, three samples from PTC patients with concurrent HT) was visualized by UMAP plot (Figure 1B). We annotated 24 major clusters based on canonical marker genes, including T cells, B cells, plasma cells, macrophages, dendritic cells (DCs), neutrophils, mast cells, endothelial cells, smooth muscle cells, mesenchymal cells, and follicular epithelial cells. Heatmap showed the differentially expressed marker genes of each cluster (Figure 1C). Sample proportion in each cell type is shown (Figures 1D,F). We kept the original heterogeneity of patients without using any batch remove algorithm. Notably, plasma cells specifically expressing immunoglobulin and XBP1 and B cells specifically expressing CD79A and MS4A1 were restricted in samples from PTC patients with concurrent HT (Figures 1E,G). Besides B cells and plasma cells, PTC patients with concurrent HT and PTC patients without concurrent HT shared the most common immune cells. We identified six follicular epithelial cell subsets marked by TG, EPCAM, and malignant genes such as FOS and JUN. Those follicular epithelial cell subsets could also be distinguished by specific marker genes in each cluster. Most follicular epithelial cells_ZCCHC12 high, follicular epithelial cells_C2orf40 high, follicular epithelial cells_TFF3 high, and follicular epithelial cells_PRSS2 high were contributed by samples from PTC patients without concurrent HT (Figure 1E).


TABLE 1. Clinical characteristics of patients.
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FIGURE 1. Single-cell transcriptome landscape of papillary thyroid cancer. (A) Workflow of sample dissociation, library preparation, and sequencing. (B) UMAP plot of subclusters in PTC cell landscape. (C) Heatmap of specific marker genes of paired clusters in (B). (D) The fractions of samples in each cell subcluster. (E) The fractions of sample types in each cell subcluster. (F) UMAP plot of cells colored by PTC patients. PTC, samples from PTC patients without concurrent HT; HT_PTC, samples from PTC patients with concurrent HT. (G) UMAP plot of single cells colored by PTC types.




Intrinsic Parenchymal Cell Heterogeneity of Papillary Thyroid Cancer

We merged parenchymal cell datasets (epithelial cells, stromal cells, mesenchymal cells, muscle cells, and endothelial cells) from eight patients (Figure 2A). Most clusters from PTC patients with or without concurrent HT were labeled by their original annotations. It was speculated that tumor cells and non-tumor cells were the origin of intratumoral heterogeneity due to the copy number variations (CNVs). Thus, we adopted CopyKAT (Gao et al., 2021) to evaluate the malignancy of follicular epithelial cells and mesenchymal cells based on genomic copy number estimation. Follicular epithelial cells_ ZCCHC12 high, mesenchymal cells_CXCL14 high, and follicular epithelial cells_PRSS2 high harbored highly CNV levels and contained most malignant cells (Figures 2A,C). Most predicted tumor cells showed gene amplification in chromosomes 14 and 15 (Supplementary Figure 1A). We then examined the expression patterns between predicted normal cells and predicted tumor cells (Figure 2B). Malignant mesenchymal cells exhibited high expression levels of CD55, and malignant epithelial cells exhibited high expression levels of TFF3. Gene set variation analysis of pathway demonstrated epithelial–mesenchymal transition (EMT), G2M checkpoint, E2F targets, MYC targets, and P53 pathway were specifically enriched in predicted tumor group with high CNV levels, whereas inflammatory response pathway was down-regulated (Figure 2E). These results unveiled an activated EMT state in tumor cell microenvironment of PTC, while immunogenicity of those tumor cells was inhibited.
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FIGURE 2. Reclustering of parenchymal cells and identification of malignant cells. (A) UMAP plot of parenchymal cell subclusters colored by cell types, patients, PTC types, and CNV prediction. (B) Heatmap shows the DEGs of clusters, patients, and CNV groups. PTC, samples from PTC patients without concurrent HT; HT_PTC, samples from PTC patients with concurrent HT. (C) Fractions of predicted tumor cells in each cell subcluster. (D) Volcano plots show DEGs of follicular epithelial cells based on BRAF V600E mutation and LNM. BRAF V600E+, highly expressed genes in patients with BRAF V600E mutation; BRAF V600E–, highly expressed genes in patients without BRAF V600E mutation; LNM+, highly expressed genes in patients with LNM; LNM-, highly expressed genes in patients without LNM; NS, genes with no significant expression patterns. (E) GSVA pathway enrichment of different group based on CNV level. (F) Expression level of TACSTD2 and CLDN3 between different mutation groups and DFS analysis in the TCGA-THCA cohort. (G) DFS analysis of CTSC and B2M in the TCGA-THCA cohort.


As an important diagnostic and prognostic molecular marker, we detected the BRAF V600E mutation of all patients (Xing, 2010). The LNM was also regarded as an important prognostic factor. Follicular epithelial cells were grouped based on BRAF V600E mutation and LNM, respectively, (Figure 2D). DEGs in BRAF V600E mutation group and LNM group may associate with a poor disease-free survival (DFS) in PTC. Among single-cell DEGs in BRAF V600E mutation group, TACSTD2 and CLDN3 showed high expression levels in samples from TCGA THCA cohort (Figure 2F). TACSTD2 and CLDN3 were also significantly related to poor DFS in PTC patients. The expression levels of TACSTD2 was correlated with TNM via controlling up-regulation of MMP2 (Guan et al., 2017). The overexpression of CLDN3 was also considered to be correlated with thyroid cancer and other malignancies (Hewitt et al., 2006; Hess et al., 2011). In LNM-positive group, epithelial cells showed unique expression of CTSC and B2M that were related to poor DFS in PTC patients (Figure 2G; Wu et al., 2018).



Reclustering of Follicular Epithelial Cells

To further profile follicular epithelial cells from PTC patients, we performed unsupervised reclustering of all epithelial cells and generated seven clusters that could be annotated based on their original definition (Figure 3A and Supplementary Figure 2A). Clusters 3 and 6 were from PTC patients with concurrent HT. Other clusters were contributed by PTC patients without concurrent HT (Figure 3B). Clusters in samples from PTC patients without concurrent HT exhibited higher expression levels of TG (Figure 3C). CCDC80 was restrictedly expressed in follicular epithelial cells in samples from PTC patients with concurrent HT (Figure 3A). It has been reported that in human thyroid carcinoma, CCDC80 played the role as a putative tumor suppressor gene (Ferraro et al., 2013). CCDC80 could positively regulate E-cadherin expression by counteracting the negative regulation of zinc finger protein. Thus, the expression of CCDC80 prevents cancer progression such as EMT. CD55 was found to uniquely expressed in cluster 5 (Supplementary Figure 2D), which comprised follicular epithelial cells_JUN high, follicular epithelial cells_NEAT1 high, and follicular epithelial cells_TG high in samples from PTC patients without concurrent HT. CD55 was known as receptor of virus and bacterial and was detected in PTC (Lucas et al., 1996). Previous study has unveiled the role of CD55 to promote the adhesion of medullary thyroid carcinoma cells for rapid spread (Mustafa et al., 2004). Furthermore, the expression of TPO was restricted in follicular epithelial cells_TFF3 high in samples from PTC patients without concurrent HT (Supplementary Figure 2D). TFF3 was restrictedly expressed in follicular epithelial cells in samples from PTC patients without concurrent HT (Figure 3A). TFF3 has been studied as a promoter of EMT and tumor invasion in PTC (Lin et al., 2018). Enriched expression of TFF3 suggested a stronger invasion ability of cluster 4, which may contribute to LNM in PTC patients without concurrent HT.
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FIGURE 3. Identifying transcriptome signatures of follicular epithelial cells. (A) UMAP plot of follicular epithelial cell subclusters and FeaturePlot of marker genes in two types of PTC. (B) UMAP plot of follicular epithelial cells colored by PTC types. (C) Density plots of TG expression levels and cell number distribution in follicular epithelial cell subclusters. (D) Volcano plot shows DEGs of epithelial cells from two types of PTC. PTC, highly expressed genes in patients without concurrent HT; PTC_HT, highly expressed genes in patients with concurrent HT; NS, genes with no significant expression patterns. (E) Rank of the cell type specific regulons in follicular epithelial cell subclusters. (F) Gene ontology enrichment of the top 20 genes in follicular epithelial cells from PTC patients without concurrent HT. (G) Gene ontology enrichment of the top 20 genes in follicular epithelial cells from PTC patients with concurrent HT. (H) t-SNE plot of follicular epithelial cells clustering patterns using metric learning model. TRAIN, training set; VAL, validation set. (I) MALAT1 expression level in the TCGA-THCA cohort based on PTC types. PTC, PTC patients without concurrent HT; PTC + HT, PTC patients with concurrent HT. (J) Heatmap of genes contributed to the classification in metric learning model.


Next, we distinguished DEGs of follicular epithelial cells between two groups of patients (Figure 3D). Follicular epithelial cells in samples from PTC patients without concurrent HT were observed to highly express FOS, JUN, TG, TPO, DUSP1, IER2, EGR2, and BTG2 (Figure 3D and Supplementary Figures 2B–D). Associated with low expression levels of ZFP36, those coregulated genes were believed to form a positive network in tumor cell proliferation (Canzoneri et al., 2020). FOS and JUN belong to the AP-1 transcription factor (TF) family; their ability was to form heterodimer and homodimer gene regulation network that balanced the progression of malignant follicular epithelial cells (Hess et al., 2004). We further calculated the TF expression patterns and enriched critical regulators of follicular epithelial cells using a reported method based on Microwell-seq data (Suo et al., 2018; Figure 3E). Binary treated heatmaps presented more complicated TF regulon in samples from PTC patients with concurrent HT (Supplementary Figures 3A,B). In samples from PTC patients without concurrent HT, we identified TFCP2L1 and IRF3 as the specific regulons in follicular epithelial cells_TFF3 high. Those regulons were known to play essential roles in tumor cell progression (Kotarba et al., 2018; Arwert et al., 2020). In samples from PTC patients with concurrent HT, RXRG was identified as the most specific regulon in follicular epithelial cells_CCDC80 high. RXRG was found to have positive correlation with better cancer prognostic (Joseph et al., 2019). Gene ontology enrichment of follicular epithelial cells from PTC patients without concurrent HT included oxidative stress response, protein folding, thyroid hormone metabolic process, and detoxification (Figure 3F). By contrast, samples from PTC patients with concurrent HT showed significantly high expression levels of immunoglobulin genes and interferon-stimulated genes such as IFI6 and IFI27 (Cheriyath et al., 2011). The expression of IFI27 was involved in cancer epithelial cell proliferation (Suomela et al., 2004). In the opposite way, the function of CCDC80 and lymphocyte infiltration could counteract malignancy progression of follicular epithelial cells in samples from PTC patients with concurrent HT. Interestingly, gene function analysis of specifically expressed genes in samples from PTC patients with HT contained humoral immune response, lymphocyte-mediated immunity, and adaptive immune response based on B cell activation (Figure 3G). Those immune responses suggested a potential cell network between follicular epithelial cells, infiltrating B cells, and myeloid cells in HT microenvironment that could affect tumor progression.

We next adopted a machine learning model named metric learning to verify the distinct molecular characteristics in follicular epithelial cells (de Vazelhes et al., 2020). We aimed to identify gene modules that contributed to the epithelial cell characteristics in samples from PTC patients with or without concurrent HT. In this case, a binary classifier was designed to predict the source of follicular epithelial cells in scRNA-seq data. We first generated training datasets and validation datasets by randomly picking expression matrix from follicular epithelial cells annotated in scRNA-seq data. The accuracy of predicting increased with the increase of the iterations (Supplementary Figure 2E). The final predicting classification was visualized using t-distributed stochastic neighbor embedding plot (PTC_HT: samples from PTC patients with concurrent HT, PTC: samples from PTC patients without concurrent HT; circles represent training datasets, cross represent validation datasets; Figure 3H). Follicular epithelial cells had barely no crossover between two classification labels. Training datasets and validation datasets showed a fairly fusion state (Supplementary Figure 2F). Heatmap demonstrated genes that contributed to the prediction (Figure 3J). Notably, we found that TG, FOS, and MALAT1 contributed greatly to the classification of samples from PTC patients without concurrent HT. The expression pattern of MALAT1 was validated in the TCGA-THCA cohort (Figure 3I). As a long non-coding RNA, recent studies have revealed the role of MALAT1 in cancer metastasis and PTC malignant process via several mechanisms such as angiogenesis and gene expression regulation (Huang et al., 2016). The metric learning results suggested MALAT1 as a potential biomarker to evaluate the malignancy of PTC in diagnosis.



Profiling of Tumor-Infiltrating Immune Cells in Papillary Thyroid Cancer

Reclustering of all tumor-infiltrating immune cells in tumor samples from PTC patients generated 13 tumor-associated immune cell subsets (Figure 4A). Common tumor-infiltrating lymphocytes consisted of NKT cells, regulatory T (Treg) cells, and follicular B cells, whereas most plasma cells and B cells were contributed by tumor samples from PTC patients with concurrent HT. The myeloid clusters included two DC cell subsets, two neutrophils subsets, macrophages, mast cells, and monocytes. A certain degree of immune cell composition variation could be observed between PTC types rather than patients, but a high proportion of lymphocytes could be observed in most patients (Figure 4C). Single cells were assigned into annotated clusters to calculate the Spearman correlation between lymphocytes and myeloid cells, respectively, (Figure 4B).
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FIGURE 4. Reclustering of tumor-infiltrating immune cells. (A) UMAP plots of immune cell subclusters in PTC colored by cell types, patient, and PTC types. (B) Cell–cell Spearman correlation network of immune cell subclusters. (C) Pie charts of cell-type fractions for each patient’s tumor-infiltrating immune cells. (D) Correlation between myeloid cells and lymphocytes subsets in the TCGA-THCA cohort. Coefficient was calculated with Spearman correlation analysis. (E) Rank of the cell type–specific regulons in immune cells from PTC patients without concurrent HT. (F) Rank of the cell type specific regulon in immune cells from PTC patients with concurrent HT. (G) Violin plot of marker genes in T-cell subclusters. (H) Violin plot of marker genes in B-cell subclusters. (I) Violin plot of marker genes in myeloid cell subclusters. (J) Pseudotime trajectory of B-cell subclusters using monocle2. (K) Color-coded pseudotime of B-cell subclusters; the start point is dark blue. (L) Heatmap of the top DEGs expression levels in three divided clusters from pseudotime trajectory.


Significant enrichment of TF regulon activity could be observed in myeloid cells from PTC patients without concurrent HT. SPI1, ETS2, and CCAAT enhancer binding protein heterodimers (CEBPB, CEBPA, CEBPD, and CEBPG) were enriched in macrophages, neutrophils, DCs, and endothelial cells. Those activation patterns of myeloid cell were believed to participate in the regulation of tumor cell progression (Pitarresi et al., 2016; Figure 4E and Supplementary Figure 3A). In tumor-infiltrating B cells from PTC patients with HT, we identified POU2F1 and BATH2 as key regulons to maintain B cell identity (Miura et al., 2018; Pankratova et al., 2018; Figure 4F).

Papillary thyroid cancer infiltrating T cells consisted of CD3+ cytotoxic T cell, CD8+ cytotoxic cell, and CTLA4+ and CD4+ Treg cells (Figure 4G). Plasma cells were characterized by the prominent expression levels of JCHAIN and XBP1. Cycling B cells expressed dogmatic cell cycle genes such as STMN1 and UBE2C (Figure 4H). DC subsets expressed low levels of migration marker C-C motif chemokine receptor 7, but interleukin 1B+ (IL1B+) DCs expressed high levels of proinflammatory mediator genes such as tumor necrosis factor (TNF) and IL1B (Brown et al., 2019; Figure 4I). We observed positively strong gene expression signature correlations between IL1B+ DCs and follicular B cells in the TCGA-THCA cohort (Figure 4D), indicating that IL1B+ DCs could recruit B cells into TME in PTC patients. Thus, we performed trajectory analysis to investigate the B cell–infiltrating process (Figure 4J). Cycling B cells, B cells_IGHD high, and B cells_CXCR5 high were located in the start point of the pseudotime trajectory, whereas three subsets of plasma cells were enriched at the two branches (Figure 4K). Along with the immune responses caused by HT, infiltrating B cells proliferated and differentiated into plasma cells to generate thyroid-restricted antibodies. In this differentiation lineage, pseudotemporal expression heatmap showed scaled expression of dynamic genes (Figure 4L). Cluster 1 enriched the cycling B cell marker. Function analysis of enriched genes suggested B cell proliferation, differentiation, and leukocyte chemotaxis. Cluster 3 contains up-regulated genes related to the secreting of autoantibodies. Gene function enrichment analysis indicated immunoglobulin receptor binding, antigen binding, and Fc-gamma receptor signaling pathway.



Distinct Molecular Signatures of Papillary Thyroid Cancer With or Without Concurrent Hashimoto’s Thyroiditis

As considerable cell heterogeneity was observed between samples from PTC patients with or without concurrent HT, we reclustered cells based on patient type. The clusters in samples from PTC patients without concurrent HT mainly comprised four malignant follicular epithelial cell subsets, NKT cells, Treg cells, mesenchymal cells, DCs, macrophages, neutrophils, and mast cells (Figures 5A,B and Supplementary Figures 4A,C). Clusters in samples from PTC patients with concurrent HT comprised two plasma cell subsets, B cells, monocytes, NKT cells, myeloid DCs, cytotoxic T cells, Treg cells, follicular epithelial cells, and a small number of mast cells (Figures 5A,B and Supplementary Figure 4B). As a canonical B cell marker gene, CD79 was validated by IHC staining in samples from PTC patients with concurrent HT (Figure 5C). JCHAIN and XBP1 were enriched in plasma cells_IGLL5 high, plasma cells_IGHA2 high, B cells_CD79A high, and cycling B cells (Supplementary Figure 4D).


[image: image]

FIGURE 5. Reclustering of single cells in samples from two types of PTC. (A) UMAP plot of single cells in samples from two types of PTC. (B) FeaturePlot of selected marker genes in two types of PTC. (C) Immunostaining of CD79A/B in two types of samples from PTC patients. Positive signals were stained in brown. Scale bar = 50 μm. (a: sample from PTC patient without concurrent HT, b: sample from PTC patient with concurrent HT). (D) The fractions of cell types in samples from two types of PTC. (E) The expression levels of B cell marker genes in the TCGA-THCA cohort based on PTC types. PTC, PTC patients without concurrent HT; PTC + HT, PTC patients with concurrent HT. (F) Dot plot of marker genes in samples from PTC patients without concurrent HT. Average expression is color-coded. Columns represent the selected marker genes. (G) Dot plot of marker genes in samples from PTC patients with concurrent HT. Average expression is color-coded. Columns represent the selected marker genes. (H) Density of canonical immune cells in the TCGA-THCA cohort. Thyroiditis Yes, PTC patients with concurrent HT; Thyroiditis No, PTC patients without concurrent HT.


We next examined the cell compositions in two types of patients. Different patients barely showed bias in each cell type (Figure 5D). Cell fractions in samples from PTC patients without concurrent HT showed dominated status of follicular epithelial cells, which have been characterized by high expression of TG, JUN, FOS, and EPCAM (Supplementary Figures 5A–C). Mesenchymal cells and stromal cells were defined by FN1 and DCN, respectively. Neutrophils expressed high levels of S100A8 and S100A9. Mast cells specifically expressed TPSB2 and TPSAB1 (Figure 5F). Samples from PTC patients with HT included four plasma cell and B cell clusters (high expression of immunoglobulin, JCHAIN, XBP1, CD79A, and CD79B). In addition, cycling B cells were defined by UBE2C and STMN1 (Figure 5G). Monocyte was defined as high expression of CD14 molecule (CD14). DCs were identified using IRF8, CD1C, and CD86. Vascular endothelial cells showed high expression levels of ENG and PLVAP. Staining intensities of CD55 on samples from PTC patients without concurrent HT also showed relatively higher expression levels (Supplementary Figure 5D). To further investigate the patterns of infiltrating B cells in PTC patients with concurrent HT in the clinical datasets, PTC samples in the TCGA-THCA cohort were divided into two groups. We noticed B cell–related markers such as CD79A, CD79B, and MS4A1 were significantly enriched in PTC patients with concurrent HT (Figure 5E). Strikingly, tumor-infiltrating immune cell abundance profile of patients in the TCGA-THCA cohort also indicated significant enrichment of plasma cells and naive B cells in PTC patients with concurrent HT (Figure 5H).



Tumor-Infiltrating B Lymphocytes With Migratory Capacity Unveil the Immunological Link Between Papillary Thyroid Cancer and Hashimoto’s Thyroiditis

It is still not clear whether the infiltrating immune cell phenotypes in samples from PTC patients with concurrent HT were affected by adjacent HT microenvironment. We merge the single cells in tumor samples and adjacent tissue samples from PTC patients with concurrent HT (Figure 6A and Supplementary Figure 6A). Adjacent tissues from PTC patients with concurrent HT occupied the majority of cycling B cells, Treg cells, cytotoxic T cells, and MS4A1+ B cells (Supplementary Figures 6B,C). In contrast, tumor samples from PTC patients with concurrent HT occupied the majority of TAMs and IGHA2+ plasma cells. To delineate the path of B cell–to–plasma cell differentiation, we reclustered B cell subsets in tumor tissues and paired adjacent tissues from PTC patients with concurrent HT (Supplementary Figures 6D,E). RNA velocity analysis predicted the migration potential of B cells as well as cycling B cells and revealed their activity to infiltrate tumor tissues (Figure 6B and Supplementary Figure 6C). Considering the crucial role of myeloid cells in lymphocyte recruitment (Ehlers and Schott, 2014), we investigated the cell–cell ligand–receptor networks in tumor samples and paired adjacent tissues from PTC patients with concurrent HT, respectively. Adjacent tissue showed much fewer ligand–receptor pairs compared to tumor samples (Figures 6C,D). TAMs, neutrophils, and DCs enriched most ligand–receptor pairs with lymphocytes. These findings highlight myeloid cells as a potential signal transition hub to regulate the B cell recruitment from adjacent tissues to tumor tissues.
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FIGURE 6. Comparison of adjacent tissues and tumor tissues from PTC patients with concurrent HT. (A) UMAP plot of cell types in adjacent tissues and tumor tissues from PTC patients with concurrent HT. (B) UMAP plot shows RNA velocities of B cell subsets in adjacent tissues and tumor tissues. (C) Cell–cell interaction network of ligand–receptor pairs in adjacent tissues of PTC patients with concurrent HT. The size of the circle represents the total ligand–receptor pairs of each cell type. The line weight represents the ligand–receptor pairs between two linked cell types. (D) Cell–cell interaction network of ligand–receptor pairs in tumor tissues of PTC patients with concurrent HT. (E) Selected ligand–receptor pairs of follicular epithelial cells from adjacent tissue samples in PTC patients with concurrent HT. x axis, receptor cells; y axis, ligand–receptor pairs (expression level is color-coded). (F) Selected ligand–receptor pairs of follicular epithelial cells from tumor samples in PTC patients with concurrent HT. (G) Calculated ligand–receptor pairs of follicular epithelial cells from adjacent tissue samples in PTC patients with concurrent HT. (H) Calculated ligand–receptor pairs of follicular epithelial cells from tumor samples in PTC patients with concurrent HT.


We adopted CellphoneDB to detect common ligand–receptor interactions in thyroid cancer that have been alternately verified in other cancers recently (Chen et al., 2020; Lee et al., 2020). Dot plots showed selected ligand–receptor interactions starting from follicular epithelial cells to immune cells in adjacent tissue and tumor samples from PTC patients with concurrent HT, respectively, (Figures 6E,F). These cell–cell interaction networks indicated more positive interactions between follicular epithelial cells and immune cells in tumor samples. Protumor interactions such as TNF_TNFRSF1B, LTBR-LTB, and CXCR6_CXCL16 were found to have higher expression levels in follicular epithelial cells. LTBR interacted with lymphocyte LTB and promoted tumor cell metastasis (Das et al., 2019). Transmembranous CXCL16 and soluble CXCL16 played opposite roles in tumor cell migration (Gooden et al., 2014). Another pair TNF_TNFRSF1B could activate the nuclear factor κB pathway and resisted TNF-induced tumor cell death (Rothe et al., 1995). Those previously reported mechanisms in other cancers seem to have the synchronization regulation pattern in PTC with concurrent HT. Follicular epithelial cells in tumor samples from PTC patients with concurrent HT exclusively contained the antitumor interacting pair TNFRSF10A_TNFSF10. TNFSF10 has been reported to induce tumor cell apoptosis (Qu et al., 2019). These potential antitumor interaction networks were constructed by plasma cells, cytotoxic T cells, TAMs, and vascular endothelial cells.

We then calculated other notable interaction pairs of epithelial cells in tumor tissues and adjacent tissues from PTC patients with concurrent HT (Figures 6G,H). Interacting pairs HLA-DPB1_TNFSF13B, HLA-C_FAM3C, and ANXA1_FPR1 were observed between follicular epithelial cells and macrophages. TNFSF13B has been recognized as a potent B cell activator cytokine (Nocturne and Mariette, 2015). FAM3C and FPR1 were reported to be related to malignant cell migration (Cao and Zhang, 2018; Yin et al., 2018). In adjacent tissues, the myeloid cell–mediated lymphocyte activation may form an immune response network to resist PTC progress. In follicular epithelial cells from tumor samples, cytokine interactions were observed in ACKR1-positive endothelial cells. Endothelial cells that highly expressed ACKR1 and PLVAP could enhance the transmigration of lymphocytes (Ramachandran et al., 2019), and GRN was found to promote angiogenesis and tumor cell proliferation (Yang et al., 2015). Ligand–receptor pairs of TAMs_FTL+ in samples from PTC patients with concurrent HT contained quite a number of cytokines (Supplementary Figures 7A,B). Tumor-associated macrophage_CCL3L3 and neutrophils in samples from PTC patients with concurrent HT showed similar patterns (Supplementary Figures 7C,D). In fact, a fair proportion of interaction pairs including cytokines and major histocompatibility complex could somehow facilitate the progression of PTC (Miyake et al., 2016). Conversely, lymphocyte infiltration patterns induced by endothelial cells could inhibit the growth and migration of PTC via boosting the effect of T cells and improve clinical prognostic (Wouters and Nelson, 2018).




DISCUSSION

Tumor heterogeneous and immune microenvironments have been considered to significantly impact the development of cancer. Different cell subsets in tumors could regulate this process with varying degrees. Conventional bulk RNA-seq of tumors vaguely described the gene expression modules at tissue level. In this work, we generated the single-cell transcriptome landscape of human PTC. The PTC landscape covered 24 individual cell clusters from eight PTC patients, providing a rich resource for multidimensional characterization of parenchymal cells and immune cells in PTC. Inferred CNVs in parenchymal cells identified predicted tumor cells in follicular epithelial cells and mesenchymal cells with strong EMT properties, which may lead to tumor progression and metastasis. The BRAF V600E mutation confers an aggressive phenotype in PTC, and a previous study has used RNA-seq to identify DEGs between BRAF V600E mutation and BRAF wild-type tumors (Smallridge et al., 2014). Nonetheless, single-cell profiling revealed individual tumor cell characteristics that may be obscured in bulk analysis. Our single-cell analysis revealed that BRAF V600E mutation tumor epithelial cells highly expressed TACSTD2 and CLDN3, which were then validated in TCGA data. It was intriguing that analysis of TCGA data indicates a strong correlation between TACSTD2, CLDN3, and DFS in PTC, implying that BRAF V600E mutation might be related to TACSTD2 through ERK and JNK pathways and the upregulation of MMP2. LNM in PTC has also been shown to be associated with locoregional recurrence and poor prognosis. Single-cell analysis identified that CTSC and B2M were up-regulated in LNM-positive epithelial cells with strong correlation to poor DFS, suggesting that cancer-related signaling pathways such as TNF-α/p38 MAPK signaling pathway could promote LNM in PTC (Zhang et al., 2020). Reclustering of follicular epithelial cells defined epithelial cells high expressed TFF3 in samples from PTC patients without concurrent HT and epithelial cells high expressed CCDC80 in samples from PTC patients with concurrent HT. Machine learning model predicted MALAT1 as a potential biomarker in PTC patients without concurrent HT.

The dynamic responses of immune system in PTC remain to be completely deciphered. We revealed the complexity of immune cells in PTC and identified multiple PTC-specific myeloid cells, T cells, and B cell subsets. In the TCGA-THCA cohort, single-cell gene expression signatures of proinflammatory IL1B+ DC cells were highly positively correlated with B cells. The proinflammatory DCs continually recruited lymphocytes into TME and suppressed T cell exhaustion. High proportion of tumor-infiltrating lymphocytes could explain the indolent properties of PTC, which leads to favorable prognosis. Intriguingly, we found B lymphocyte and plasma cell enrichment pattern in PTC tumor tissues that were concurrent with HT, but not in the PTC alone without concurrent HT. B lymphocyte infiltration in TME has been identified in multiple types of cancers such as lung cancer and was recognized as the main effector cells of humoral immunity, which suppress tumor progression (Wang et al., 2019). A great number of ligand–receptor interactions were observed between B cells, T cells, DCs, and TAMs. Precursor–progeny relationship supported by RNA velocity unveiled the migration potential of infiltrating B cells from adjacent tissues to tumor tissues. PTC is always accompanied by the synchronous appearance of HT. Compared with adjacent tissues, more complicated cell–cell interaction networks of ligands and receptors between endothelial cells, epithelial cells, lymphocytes, and myeloid cells in samples from PTC patients with concurrent HT suggested a controlled homeostasis microenvironment of tumor progress regulation. The analyses of PTC and adjacent HT tissues implied that the cellular TME was reshaped by the B lymphocytes derived from adjacent HT tissues. Based on our observations, we hypothesized that B lymphocyte–related immune response was a possible reason for the better prognosis of PTC patients with concurrent HT. But detailed mechanisms need further investigation and verification. Also, limited number of cases in our study could not cover all the clinical features of PTC, which remains to be further explored.

In summary, our work is a comprehensive systematic single-cell transcriptome survey of human primary PTC. We revealed detailed molecular characteristics of PTC cells as well as their clustering, dynamic, and developmental trajectory. Our analysis uncovered B cells infiltrating in tumor tissues as a distinctive feature for PTC patients with concurrent HT. Our findings are potentially valuable in not only serving as a resource for deeper understanding of PTC in general, but also elucidating the immunological correlation between PTC and HT.



DATA AVAILABILITY STATEMENT

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://www.ncbi.nlm.nih.gov/geo/, GSE163203.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Clinical Research Ethics Committee of The first affiliated hospital, school of medicine, Zhejiang university (IIT consent: NO.700,2020). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

YjW, GG, JP, and FY conceived and designed the experiments. JP, QZ, HT, MZ, and YZ collected the patients’ samples. JP, FY, YS, FZ, and XZ performed the experiments. FY, CY, YY, JL, and JP analyzed the data. FY, JP, and QZ wrote the manuscript. YnW, JP, and YjW provide funding and supervision. All authors read and approved the final manuscript.



FUNDING

This study was supported by grant from Zhejiang Provincial Natural Science Foundation of China (LQ18H180003 and LQ18H050003), the National Natural Science Foundation of China (81800658), and Zhejiang Medical Science and Technology Projects (2019330597 and 2019330585).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcell.2021.758339/full#supplementary-material


ABBREVIATIONS

CNV, copy number variations; DCs, dendritic cells; DEGs, differentially expressed genes; DFS, disease-free survival; EMT, epithelial–mesenchymal transition; GSVA, gene set variation analysis; HT, Hashimoto thyroiditis; LNM, lymph node metastasis; NK, natural killer cells; NKT, natural killer T cells; PTC, papillary thyroid cancer; scRNA-seq, single-cell RNA sequencing; RFS, recurrence-free Survival; TF, transcription factor; TME, tumor microenvironment; Treg, regulatory T cells; UMAP, Uniform Manifold Approximation and Projection.

FOOTNOTES

1http://mccarrolllab.com/wp-content/uploads/2016/03/Drop-seqAlignmentCookbookv1.2Jan2016.pdf

2https://github.com/ggjlab/mca_data_analysis/tree/master/preprocessing

3https://satijalab.org/seurat/

4https://db.cngb.org/HCL/index.html

5https://xena.ucsc.edu/

6http://velocyto.org/velocyto.py/tutorial/index.html

7https://github.com/KevinMusgrave/pytorch-metric-learning

8https://captum.ai/


REFERENCES

Ahn, D., Heo, S. J., Park, J. H., Kim, J. H., Sohn, J. H., Park, J. Y., et al. (2011). Clinical relationship between Hashimoto’s thyroiditis and papillary thyroid cancer. Acta Oncol. 50, 1228–1234.

Arwert, E. N., Milford, E. L., Rullan, A., Derzsi, S., Hooper, S., Kato, T., et al. (2020). STING and IRF3 in stromal fibroblasts enable sensing of genomic stress in cancer cells to undermine oncolytic viral therapy (vol 56, pg 410, 2020). Nat. Cell Biol. 22, 908–908. doi: 10.1038/s41556-020-0527-7

Borowczyk, M., Szczepanek-Parulska, E., Debicki, S., Budny, B., Verburg, F. A., Filipowicz, D., et al. (2019). Differences in mutational profile between follicular thyroid carcinoma and follicular thyroid adenoma identified using next generation sequencing. Int. J. Mol. Sci. 26:20.

Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R., Torre, L., and Jemal, A. (2018). Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 68, 394–424.

Brown, C. C., Gudjonson, H., Pritykin, Y., Deep, D., Lavallee, V. P., Mendoza, A., et al. (2019). Transcriptional basis of mouse and human dendritic cell heterogeneity. Cell 179, 846–863.e24.

Canzoneri, R., Naipauer, J., Stedile, M., Rodriguez Pena, A., Lacunza, E., Gandini, N. A., et al. (2020). Identification of an AP1-ZFP36 regulatory network associated with breast cancer prognosis. J. Mammary Gland Biol. Neoplasia 25, 163–172. doi: 10.1007/s10911-020-09448-1

Cao, G. M., and Zhang, Z. Y. (2018). FPR1 mediates the tumorigenicity of human Dove ORIGINAL RESEARCH cervical cancer cells. Cancer Manag. Res. 10, 5855–5865. doi: 10.2147/CMAR.S182795

Ceolin, L., Siqueira, D. R., Romitti, M., Ferreira, C. V., and Maia, A. L. (2012). Molecular basis of medullary thyroid carcinoma: the role of RET polymorphisms. Int. J. Mol. Sci. 13, 221–239. doi: 10.3390/ijms13010221

Chen, Z. H., Zhou, L. J., Liu, L. L., Hou, Y. X., Xiong, M., Yang, Y., et al. (2020). Single-cell RNA sequencing highlights the role of inflammatory cancer-associated fibroblasts in bladder urothelial carcinoma. Nat. Commun. 8:11. doi: 10.1038/s41467-020-18916-5

Cheriyath, V., Leaman, D. W., and Borden, E. C. (2011). Emerging roles of FAM14 family members (G1P3/ISG 6-16 and ISG12/IFI27) in innate immunity and cancer. J. Interferon Cytokine Res. 31, 173–181. doi: 10.1089/jir.2010.0105

Das, R., Coupar, J., Clavijo, P. E., Saleh, A., Cheng, T. F., Yang, X., et al. (2019). Lymphotoxin-beta receptor-NIK signaling induces alternative RELB/NF-kappaB2 activation to promote metastatic gene expression and cell migration in head and neck cancer. Mol. Carcinog. 58, 411–425. doi: 10.1002/mc.22938

Davis, R., Blake, K., Ma, D., Gabra, M., Hernandez, G., Phung, A., et al. (2020). Transcriptional diversity and bioenergetic shift in human breast cancer metastasis revealed by single-cell RNA sequencing. Nat. Cell Biol. 22, 310–320. doi: 10.1038/s41556-020-0477-0

de Vazelhes, W., Carey, C. J., Tang, Y., Vauquier, N., and Bellet, A. (2020). metric-learn: metric learning algorithms in python. J. Mach. Learn. Res. 21, 1–6.

Ehlers, M., and Schott, M. (2014). Hashimoto’s thyroiditis and papillary thyroid cancer: are they immunologically linked? Trends Endocrin. Met. 25, 656–664. doi: 10.1016/j.tem.2014.09.001

Ferraro, A., Schepis, F., Leone, V., Federico, A., Borbone, E., Pallante, P., et al. (2013). Tumor suppressor role of the CL2/DRO1/CCDC80 gene in thyroid carcinogenesis. J. Clin. Endocrinol. Metab. 98, 2834–2843.

Gabrilovich, D. I., and Nagaraj, S. (2009). Myeloid-derived suppressor cells as regulators of the immune system. Nat. Rev. Immunol. 9, 162–174. doi: 10.1038/nri2506

Gao, R. L., Bai, S. S., Henderson, Y. C., Lin, Y. Y., Schalck, A., Yan, Y., et al. (2021). Delineating copy number and clonal substructure in human tumors from single-cell transcriptomes. Nat. Biotechnol. 39, 599–608. doi: 10.1038/s41587-020-00795-2

Gentles, A. J., Newman, A. M., Liu, C. L., Bratman, S. V., Feng, W. G., Kim, D., et al. (2015). The prognostic landscape of genes and infiltrating immune cells across human cancers. Nat. Med. 21, 938–945. doi: 10.1038/nm.3909

Gooden, M. J., Wiersma, V. R., Boerma, A., Leffers, N., Boezen, H. M., ten Hoor, K. A., et al. (2014). Elevated serum CXCL16 is an independent predictor of poor survival in ovarian cancer and may reflect pro-metastatic ADAM protease activity. Br. J. Cancer 110, 1535–1544. doi: 10.1038/bjc.2014.55

Gooden, M. J. M., de Bock, G. H., Leffers, N., Daemen, T., and Nijman, H. W. (2011). The prognostic influence of tumour-infiltrating lymphocytes in cancer: a systematic review with meta-analysis. Br. J. Cancer 28, 93–103. doi: 10.1038/bjc.2011.189

Guan, H. Y., Guo, Z. J., Liang, W. W., Li, H., Wei, G. H., Xu, L. J., et al. (2017). Trop2 enhances invasion of thyroid cancer by inducing MMP2 through ERK and JNK pathways. BMC Cancer 17:486. doi: 10.1186/s12885-017-3475-2

Han, X., Wang, R., Zhou, Y., Fei, L., Sun, H., Lai, S., et al. (2018). Mapping the mouse cell atlas by microwell-seq. Cell 172, 1091–1107.e17.

Han, X., Zhou, Z., Fei, L., Sun, H., Wang, R., Chen, Y., et al. (2020). Construction of a human cell landscape at single-cell level. Nature 581, 303–309.

Hess, J., Angel, P., and Schorpp-Kistner, M. (2004). AP-1 subunits: quarrel and harmony among siblings. J. Cell Sci. 117, 5965–5973. doi: 10.1242/jcs.01589

Hess, J., Thomas, G., Braselmann, H., Bauer, V., Bogdanova, T., Wienberg, J., et al. (2011). Gain of chromosome band 7q11 in papillary thyroid carcinomas of young patients is associated with exposure to low-dose irradiation. Proc. Natl. Acad. Sci. U. S. A. 108, 9595–9600. doi: 10.1073/pnas.1017137108

Hewitt, K. J., Agarwal, R., and Morin, P. J. (2006). The claudin gene family: expression in normal and neoplastic tissues. BMC Cancer 6:186. doi: 10.1186/1471-2407-6-186

Huang, J. K., Ma, L., Song, W. H., Lu, B. Y., Huang, Y. B., Dong, H. M., et al. (2016). MALAT1 promotes the proliferation and invasion of thyroid cancer cells via regulating the expression of IQGAP1. Biomed. Pharmacother. 83, 1–7. doi: 10.1016/j.biopha.2016.05.039

Joseph, C., Al-Izzi, S., Alsaleem, M., Kurozumi, S., Toss, M. S., Arshad, M., et al. (2019). Retinoid X receptor gamma (RXRG) is an independent prognostic biomarker in ER-positive invasive breast cancer. Br. J. Cancer 121, 776–785. doi: 10.1038/s41416-019-0589-0

Jung, K. Y., Cho, S. W., Kim, Y. A., Kim, D., Oh, B. C., Park, D. J., et al. (2015). Cancers with higher density of tumor-associated macrophages were associated with poor survival rates. J. Pathol. Transl. Med. 49, 318–324. doi: 10.4132/jptm.2015.06.01

Kebebew, E., Weng, J., Bauer, J., Ranvier, G., Clark, O. H., Duh, Q. Y., et al. (2007). The prevalence and prognostic value of BRAF mutation in thyroid cancer. Ann. Surg. 246, 466–471. doi: 10.1097/sla.0b013e318148563d

Konturek, A., Barczynski, M., Wierzchowski, W., Stopa, M., and Nowak, W. (2013). Coexistence of papillary thyroid cancer with Hashimoto thyroiditis. Langenbecks Arch. Surg. 398, 389–394.

Kotarba, G., Krzywinska, E., Grabowska, A. I., Taracha, A., and Wilanowski, T. (2018). TFCP2/TFCP2L1/UBP1 transcription factors in cancer. Cancer Lett. 420, 72–79.

Kuo, C.-Y., Liu, T.-P., Yang, P.-S., and Cheng, S.-P. (2017). Characteristics of lymphocyte-infiltrating papillary thyroid cancer. J. Cancer Res. Pract. 4, 95–99.

Kwak, J. Y., Kim, E.-K., Kim, J.-K., Han, J.-H., Hong, S. W., Park, T. S., et al. (2010). Dual priming oligonucleotide-based multiplex PCR analysis for detection of BRAFV600E mutation in FNAB samples of thyroid nodules in BRAFV600E mutation-prevalent area. Head Neck 32, 490–498. doi: 10.1002/hed.21210

Lee, E. K., and Sunwoo, J. B. (2019). Natural killer cells and thyroid diseases. Endocrinol. Metab. 34, 132–137. doi: 10.3803/enm.2019.34.2.132

Lee, H. K., Ang, K. S., Chevrier, M., Goh, M., Ling, J., Koh, V., et al. (2020). Single cell RNA-seq reveals immunosuppressive gastric stem-like cancer cells as a poor prognostic factor. bioRxiv[Preprint] doi: 10.1101/2020.10.23.351726

Lee, J. H., Kim, Y., Choi, J. W., and Kim, Y. S. (2013). The association between papillary thyroid carcinoma and histologically proven Hashimoto’s thyroiditis: a meta-analysis. Eur. J. Endocrinol. 168, 343–349. doi: 10.1530/EJE-12-0903

Lin, X., Zhang, H., Dai, J., Zhang, W., Zhang, J., Xue, G., et al. (2018). TFF3 contributes to epithelial-mesenchymal transition (EMT) in papillary thyroid carcinoma cells via the MAPK/ERK signaling pathway. J. Cancer 9, 4430–4439. doi: 10.7150/jca.24361

Lucas, S. D., KarlssonParra, A., Nilsson, B., Grimelius, L., Akerstrom, G., Rastad, J., et al. (1996). Tumor-specific deposition of immunoglobulin G and complement in papillary thyroid carcinoma. Hum. Pathol. 27, 1329–1335. doi: 10.1016/s0046-8177(96)90346-9

Luo, H., Xia, X., Kim, G. D., Liu, Y., Xue, Z., Zhang, L., et al. (2021). Characterizing dedifferentiation of thyroid cancer by integrated analysis. Sci. Adv. 7:eabf3657. doi: 10.1126/sciadv.abf3657

Miura, Y., Morooka, M., Sax, N., Roychoudhuri, R., Itoh-Nakadai, A., Brydun, A., et al. (2018). Bach2 promotes B Cell receptor-induced proliferation of B lymphocytes and represses cyclin-dependent kinase inhibitors. J. Immunol. 200, 2882–2893. doi: 10.4049/jimmunol.1601863

Miyake, M., Hori, S., Morizawa, Y., Tatsumi, Y., Nakai, Y., Anai, S., et al. (2016). CXCL1-mediated interaction of cancer cells with tumor-associated macrophages and cancer-associated fibroblasts promotes tumor progression in human bladder cancer. Neoplasia 18, 636–646. doi: 10.1016/j.neo.2016.08.002

Mohammadi, M., and Hedayati, M. (2017). A brief review on the molecular basis of medullary thyroid carcinoma. Cell J. 18, 485–492.

Mustafa, T., Klonisch, T., Hombach-Klonisch, S., Kehlen, A., Schmutzler, C., Koehrle, J., et al. (2004). Expression of CD97 and CD55 in human medullary thyroid carcinomas. Int. J. Oncol. 24, 285–294.

Nocturne, G., and Mariette, X. (2015). Sjogren Syndrome-associated lymphomas: an update on pathogenesis and management. Br. J. Haematol. 168, 317–327. doi: 10.1111/bjh.13192

Oczko-Wojciechowska, M., Czarniecka, A., Gawlik, T., Jarzab, B., and Krajewska, J. (2020). Current status of the prognostic molecular markers in medullary thyroid carcinoma. Endocr. Connect. 9, R251–R263. doi: 10.1530/EC-20-0374

Pankratova, E. V., Stepchenko, A. G., Krylova, I. D., Portseva, T. N., and Georgieva, S. G. (2018). The regulatory interplay between Oct-1 isoforms contributes to hematopoiesis and the isoforms imbalance correlates with a malignant transformation of B cells. Oncotarget 9, 29892–29905. doi: 10.18632/oncotarget.25648

Pellegriti, G., Frasca, F., Regalbuto, C., Squatrito, S., and Vigneri, R. (2013). Worldwide increasing incidence of thyroid cancer: update on epidemiology and risk factors. J. Cancer Epidemiol. 2013, 965212–965212.

Peng, M., Wei, G., Zhang, Y., Li, H., Lai, Y., Guo, Y., et al. (2021). Single-cell transcriptomic landscape reveals the differences in cell differentiation and immune microenvironment of papillary thyroid carcinoma between genders. Cell Biosci. 11:39. doi: 10.1186/s13578-021-00549-w

Pitarresi, J. R., Liu, X., Sharma, S. M., Cuitino, M. C., Kladney, R. D., Mace, T. A., et al. (2016). Stromal ETS2 regulates chemokine production and immune cell recruitment during acinar-to-ductal metaplasia. Neoplasia 18, 541–552. doi: 10.1016/j.neo.2016.07.006

Qu, Y., Liao, Z., Wang, X., Zhang, J., and Liu, C. (2019). EFLDO sensitizes liver cancer cells to TNFSF10induced apoptosis in a p53dependent manner. Mol. Med. Rep. 19, 3799–3806. doi: 10.3892/mmr.2019.10046

Ramachandran, P., Dobie, R., Wilson-Kanamori, J. R., Dora, E. F., Henderson, B. E. P., Luu, N. T., et al. (2019). Resolving the fibrotic niche of human liver cirrhosis at single-cell level. Nature 575, 512–518. doi: 10.1038/s41586-019-1631-3

Resende de Paiva, C., Grønhøj, C., Feldt-Rasmussen, U., and von Buchwald, C. (2017). Association between Hashimoto’s thyroiditis and thyroid cancer in 64,628 patients. Front. Oncol. 7:53. doi: 10.3389/fonc.2017.00053

Rothe, M., Sarma, V., Dixit, V. M., and Goeddel, D. V. (1995). TRAF2-mediated activation of NF-kappa B by TNF receptor 2 and CD40. Science 269, 1424–1427. doi: 10.1126/science.7544915

Smallridge, R. C., Chindris, A. M., Asmann, Y. W., Casler, J. D., Serie, D. J., Reddi, H. V., et al. (2014). RNA sequencing identifies multiple fusion transcripts, differentially expressed genes, and reduced expression of immune function genes in BRAF (V600E) mutant vs BRAF wild-type papillary thyroid carcinoma. J. Clin. Endocr. Metab. 99, E338–E347. doi: 10.1210/jc.2013-2792

Suo, S. B., Zhu, Q., Saadatpour, A., Fei, L. J., Guo, G. J., and Yuan, G. C. (2018). Revealing the critical regulators of cell identity in the mouse cell atlas. Cell Rep. 25, 1436–1445.e3.

Suomela, S., Cao, L., Bowcock, A., and Saarialho-Kere, U. (2004). Interferon alpha-inducible protein 27 (IFI27) is upregulated in psoriatic skin and certain epithelial cancers. J. Invest. Dermatol. 122, 717–721. doi: 10.1111/j.0022-202X.2004.22322.x

Tang, F., Barbacioru, C., Wang, Y., Nordman, E., Lee, C., Xu, N., et al. (2009). mRNA-Seq whole-transcriptome analysis of a single cell. Nat. Methods 6, 377–382.

Wang, S. S., Liu, W., Ly, D., Xu, H., Qu, L., and Zhang, L. (2019). Tumor-infiltrating B cells: their role and application in anti-tumor immunity in lung cancer. Cell. Mol. Immunol. 16, 6–18. doi: 10.1038/s41423-018-0027-x

Wang, W. B., Su, X. Y., He, K. F., Wang, Y. L., Wang, H. Y., Wang, H. H., et al. (2016). Comparison of the clinicopathologic features and prognosis of bilateral versus unilateral multifocal papillary thyroid cancer: an updated study with more than 2000 consecutive patients. Cancer Am. Cancer Soc. 122, 198–206. doi: 10.1002/cncr.29689

Wieland, A., Patel, M., Cardenas, M., Eberhardt, C., Hudson, W., Obeng, R., et al. (2020). Defining HPV-specific B cell responses in patients with head and neck cancer. Nature 597, 274–278. doi: 10.1038/s41586-020-2931-3

Wouters, M. C. A., and Nelson, B. H. (2018). Prognostic significance of tumor-infiltrating B cells and plasma cells in human cancer. Clin. Cancer Res. 24, 6125–6135. doi: 10.1158/1078-0432.ccr-18-1481

Wu, C. C., Lin, J. D., Chen, J. T., Chang, C. M., Weng, H. F., Hsueh, C., et al. (2018). Integrated analysis of fine-needle-aspiration cystic fluid proteome, cancer cell secretome, and public transcriptome datasets for papillary thyroid cancer biomarker discovery. Oncotarget 9, 12079–12100. doi: 10.18632/oncotarget.23951

Xing, M. Z. (2010). Prognostic utility of BRAF mutation in papillary thyroid cancer. Mol. Cell Endocrinol. 321, 86–93. doi: 10.1016/j.mce.2009.10.012

Xing, M. Z., Liu, R. Y., Liu, X. L., Murugan, A. K., Zhu, G. W., Zeiger, M. A., et al. (2014). BRAF V600E and TERT Promoter mutations cooperatively identify the most aggressive papillary thyroid cancer with highest recurrence. J. Clin. Oncol. 32, 2718–2726. doi: 10.1200/JCO.2014.55.5094

Yang, D., Wang, L. L., Dong, T. T., Shen, Y. H., Guo, X. S., Liu, C. Y., et al. (2015). Progranulin promotes colorectal cancer proliferation and angiogenesis through TNFR2/Akt and ERK signaling pathways. Am. J. Cancer Res. 5, 3085–3097.

Yin, S., Chen, F. F., Ye, P., and Yang, G. F. (2018). Overexpression of FAM3C protein as a novel biomarker for epithelial-mesenchymal transition and poor outcome in gastric cancer. Int. J. Clin. Exp. Pathol. 11, 4247–4256.

Zhang, G. P., Yue, X., and Li, S. Q. (2020). Cathepsin C interacts with TNF-alpha/p38 MAPK signaling pathway to promote proliferation and metastasis in hepatocellular carcinoma. Cancer Res Treat. 52, 10–23. doi: 10.4143/crt.2019.145

Zhang, Q., He, Y., Luo, N., Patel, S. J., Han, Y., Gao, R., et al. (2019). Landscape and dynamics of single immune cells in hepatocellular carcinoma. Cell 179, 829–845.e20.

Zhang, Y., Dai, J., Wu, T., Yang, N., and Yin, Z. (2014). The study of the coexistence of Hashimoto’s thyroiditis with papillary thyroid carcinoma. J. Cancer Res. Clin. Oncol. 140, 1021–1026.


Conflict of Interest: The 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 Pan, Ye, Yu, Zhu, Li, Zhang, Tian, Yao, Zhu, Shen, Zhu, Wang, Zhou, Guo and Wu. 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.


OPS/images/fcell-09-758339-t001.jpg
Patient Gender Tumor With LNM  With BRAF V600E TSH T4 T3 FT FT3 TPOAB TGAB
size(cm) Hashimoto (mutation:+, wild (wIU/mL)? (nmol/L)® (nmol/L)¢ (pmol/L)d (pmol/L)® (IU/mL)’ (IU/mL)9
thyroiditis type: -)

HT_PTC_1 Female  1.15 x 0.49 - + + 1.864 112.59 1.42 16.7 4.71 0.46 65.98
PTC_2 Female 1.4 x1.0 + = + 0.553 98.25 1.2 16.78 3.56 0.81 2.08
PTC_3 Female 1.4 x0.9 + - + 3.111 78.99 1.44 12.01 4.24 0.34 2.22
PTC_4 Male 0.7 x 0.4 - - - 2.077 88.42 1.68 12.96 4.83 <0.50 1.23
PTC_5 Female 1.1 x0.8 + - + 1.581 81.5 1.53 12.73 4.4 <0.50 0.71
HT_PTC_6 Female 1.56x0.8 + + + 1.89 131.8 2.28 16.29 6.76 98.8 74.9
PTC_7 Male 1.4x1.0x0.8 + . + 0.794 102.7 1.7 12.22 5.41 <0.50 NA
HT_PTC_8 Female 1.8 x 1.1 + + - 0.763 100.6 1.46 12.46 4.49 100.57 490.71

Abbreviations: @ Thyroid-stimulating hormone. ® Thyroxine. € Triiodothyronine.  Free thyroxine. €Free triiodothyronine. f Thyroid peroxidase antibody. 9 Thyroglobulin antibodly.





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Papillary Thyroid Carcinoma Landscape and Its Immunological Link With Hashimoto Thyroiditis at Single-Cell Resolution



		INTRODUCTION



		MATERIALS AND METHODS



		Sample Collection



		Single-Cell Suspension Preparation



		Single-Cell RNA Library Preparation and Sequencing



		Single-Cell RNA Sequencing Data Processing



		Cell Type Clustering and Annotation



		The Cancer Genome Atlas THCA Dataset Validation



		Data Processing and Single-Cell Subsets Correlation Calculation



		Expression Analyzing of Selected Genes



		Survival Analysis of Selected Genes



		Tumor-Infiltrating Immune Cell Profile







		RNA Velocity Analysis



		Single-Cell Pseudotime Trajectory Analysis



		Receptor–Ligand Pairing Analysis



		Metric Learning



		Immunohistochemistry







		RESULTS



		Single-Cell Profiling of Papillary Thyroid Cancer



		Intrinsic Parenchymal Cell Heterogeneity of Papillary Thyroid Cancer



		Reclustering of Follicular Epithelial Cells



		Profiling of Tumor-Infiltrating Immune Cells in Papillary Thyroid Cancer



		Distinct Molecular Signatures of Papillary Thyroid Cancer With or Without Concurrent Hashimoto’s Thyroiditis



		Tumor-Infiltrating B Lymphocytes With Migratory Capacity Unveil the Immunological Link Between Papillary Thyroid Cancer and Hashimoto’s Thyroiditis







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/cover.jpg
, frontiers
in Cell and Developmental Biology










OPS/images/fcell-09-758339-g005.jpg
A

Mésenchymal
5
Foliculgr epithelial

o Folicular ep

st?'gmal cell

PTC without HT

olicular epithelial cell_JUN high

ular epithelial'ygl_NEAT1 high

TG high cell
Mast el
T feg cell o
Macrop §
Dendiitc col

rophi_FCN1 high

~
Macrophage  Neutrophi_FCGR38 high

Vas!)ﬂl endothelial cell

E

[ [] o
UMAP_1

PTC with HT

Dendritic cell

dendritic cell

leutrophil

CD79A expression

D

BT En
UMAP_1
CD3D
s
R sy
3 o
H
A R
\ ° \
-of ©
! 15
ET L] E
UMAP_1 N

Cluster

5
H
H
.

Markers

MGP{ ;-

© 00
ors ars
ln oo
i | .
) 0z I o concyansy
oz Doncrtc co
" swomatcon
I vostcon
a0
ow o
9 <& g7 e
<&
of
P<0001 P<0001 - i . P<0001 -
3 c
’ } 9 1 : 2 B
£ ‘D — .
: * @ . 2, . b
k] E pd Y - 4
H F 3 s % g‘ £
i. - 3 i % 1) . 3
_ = % i A 3 4
B ™ . - :
; : 2l :
: 5 g 1 3
b o = s, 3 3
E3
b 5 4
=~ b4 g
PTC PTCHT PTC PTC+HT PTC PIGHT
o7 1 Average Expression
2 .
1
0
4 . .
H
i | Percent Expressed
: Lo .
: . -gz .
.
e : X
.
(J .
. 04 .
i o e
f/ﬁ! . Thyroiditis
z
§ : 3 8
. . B e
2 .
.
% .
o3 .
02 H .
c e . [
T YRR T ® @ . .5 .
S EEEEE X e N . ] i
: H . BT
by s 2 e Average Expression B . i .
° s e s c e e . 2 . : HA . i
S . : s : i
1
. P o I H . i .
B i L
00
¢ & & = iy Percent Expressed
. o . E ¢ 8§ o 5 ¥ ¥ ¥ ¥ 2 5 3 ¥ . 5 % = § 3 ' %
e § o 4§ 8 8 % 8 8 g 8 2 2 £ 8 § = - 3 8 3
i - . ® w0 a s 8 : i3 %z : oz § s . 3
£ 2 2 02§ £ H - ;s 1§
L 3 2 LA
i F -
- 8 -
* cell_type

S
S

WA/ e/

»°

Cluster





OPS/images/fcell-09-758339-g004.jpg
0 02 04 06 08

Color Key

1

160

L ‘ Monocyte
5 %,cmc high Macrophage
Neutrophil_FCN1 high mx:{z‘ﬁ;‘:‘@
g o 2 0G.IL1B high
S |Neutrophil_FCGR3B high B cellCyciing) 7T reg coll it
[——
4 Mast cell 8ot
Plasmacell
2 | B col(Cycling)
8 cell NKT cot
m T reg cell
3 EEE SRR S
H HHEE g
B [] z = £35325352
UMAP_1 & P 2 g ;;‘ =
il
]
C E Dendritic cell Macrophage_M2 NKT cell Neutrophil_FCGR3B high
PTC2 PTC.3  PIC4 PTIC5  PTGC7 GEBPB cesPs FOXN3 02812FPe2
CelType 040 2NFT68
s SPI1
‘ ‘ ‘ . el Ik o Bor
MYB 5 'I.BX21
W o "% \ 2 203 2024
HT_PTC_1 HT_PTC_6 HT PTC.8 [ Macrophage § s § e 5L 5
. = Mast cell z 1 Zoal o 200 z
vowors 3N g | H H
s
o Tl & & \ & & APt
| Neutrophi 020, o1
outroph 020 :
0 \ AN\ [Ny
Iy
— \_ A
1 R=0.26, p=29e-10 ¢ Regulons o Regulons i Regulons " ¢ Regulons
_ F Myeloid dendritic cell B cell(cycling) B cell_CD79A high Neutrophil
3 g IRF5 KLF11 B DEAF1
H
’ : SPI1 0221 02058 0.250
E cgePD SRF
0025 % o BACH2 o \ g
% < 3 -, oxB2
'DC_IL1B high 8 \ 8 §w_ \ 8 0.225| S’
i E gn 2 é g
R=0.37,p<22e-16 3 > 3 \ K \ %
4 3 2 g
& N @ ~ @ L o200
_ . 020 . S { %
- 8 S 018 kY oz .
H g 3 \Y M Y
" Y 0175
E [N
: p — -
Y Regulons ' " Regulons ' ’  Regulons ' Regulons
N‘autroohl‘l FCN!"h\uh N
cD3D. El_L
g
CD3E <@ H L
3 1
ood| | =3 z
e L - 5
cpss > HIE 4
cavg o ¢ P e ¥ AN
oc3| @ L
ot E JmE e < XA
—t o |9 1 |
FOXP3 bt
3
11 R
& &
& s R > s
50 # ; e
< & ¥ g °

J

CellType

50

Plasma coll_TPSB2 high
8 coll_IGHD high

* Plasma cell_IGKV3-20 high
* B cell(cycling)

* 8 cell_CXCRS high
« Plasma cell_IGLV1-51 high

»
v

"

Pseudotime _

00 25 50 7.5 10.0
2

Component 2

N 35 00
Component 1






OPS/images/logo.jpg
, frontiers
in Cell and Developmental Biology





OPS/images/fcell-09-758339-g006.jpg
A Normal Adiacent Tumor

* ¢

Follicular epithelial cell

8 cell_MS4A1 high
reg cell

Plasma cell_IGKC high
Cytotoxic T cell
8 cell(cyciing)

Neutrophil
Mast cel

Dendritic cell
‘Smooth muscle cell

eceececeece
"

Dendritic_cell Plasma_cellJGKC_high

B_ce‘:llng)

Plasma_cefllIGLL5_high \

Folllcular_‘lellal_cell \

cozamF{ % . . . . < T
ICAM1_AREG . . . . . .
TNF_TNFRSF1B{ — + . ° o o
LTBR_LTB L L 5} . . ® o
CXCRS_CXCL16{ —© o ° . o ° o
CD55_ADGRES{—+ . . 3

PLAUR_adb1 complex ! 1 I ! | |

TNFRSF1B_GRN . . 4 ! s |

CD52_SIGLEC10 . . . { | 4

TIGIT_NECTIN2 |
ICOSLG_ICOS
LGALS9_CD44

IFNG_Type Il IFNR:
CD160_TNFRSF14 .
CD6_ALCAM . . . . . .
TNFRSF10A_TNFSF10

TNFRSF1A_GRN
PGRMC2_CCLAL2
MDK_SORL1
MDK_LRP1
L1 receptor inhibitor_IL1B
ICAM1_AREG
HLA-DPB1_TNFSF138
FN1_asb1 complex{—+
FN1_a3b1 complex .
DPP4_CXCL121- O+
CXCL8_ACKR1
CXCL2_DPP4
CD89_PILRA
CD74_APP.
CDS55_ADGRES{ @ (6] e o
CD44_SELE +
CD44_HBEGF
CCL5_ACKR1
ANXA1_FPR3| O
ANXA1_FPR2 o
ANXAT_FPR1
ALOXS_ALOXSAP

000
o
o
o
o
o

o

%100 @ @
%00 © © O ©

&

N "0,1%
Q
%
%,

,
T,
%,

~o
DRI
&S =

%

B_ool_1iSAA1_high

Plasma_cell_IGHA2_high

Mean Value

-log10(PValue)
-0
o1

o 2
O3

Mean Value
7

6
5
4
3

-log10(PValue)
o 15
o 20
o 25
O 30

Plasma cell_IGHA2 high

Tumor-associated macrophage_FTL high

Vascular endothelial cell
Plasma cell_IGLLS high
ssociated macrophage_CCL3L3 high

CellType velocity

® B cell(cycling)

© B cell MS4A1 high

« Plasma cell IGHA2 high
© Plasma cell IGKC high
® Plasma cell IGLL5 high

F e e —
ICAM1_AREG{—® ° . ° ° ° e e $
TNF_TNFRSF1B + T + o . ° + °
LTBR_LTB [ ] L J ° ° L J o °
CXCRE_CXCL16 ° 1 h ° (o] o
CDS55_ADGRES | @ o . e e o @ . .
PLAUR_a4b1 complex{ —+ ° . . °
TNFRSF1B_GRN + . . . .
CD52_SIGLEC10 . o e
TIGIT_NECTIN2 ° . . °
ICOSLG_ICOS!
LGALSS_CD44{ . . o . + . & it
IFNG_Type Il IFNR + |
CD160_TNFRSF14- + T + + +
CDE_ALCAM! T t g
TNFRSF10A_TNFSF10{ o o o O o o 0O o @
S PSS S
2 & &
SIS
o < &
& 7
A"’J‘
H
Mean Value
HLA-DPB1_TNFSF138 s .+ @ f
3
;]
HLA-C_FAM3C v e e )
o
CD74_APP e ~log10(PValue)
- K
o1
ANXAT_FPR1 — e 5l 2
O 3

Mean Value
6

4
2
]
-log10(PValue)
']
o1

o 2
O3





OPS/images/fcell-09-758339-g001.jpg
»

R T T T R S A I K IR I PRI

g

A 2 v B , Neutrophil FCGR3B high
P—v ' 5 samples from PTC patients without HT '
cartiage. Neutrophil FCN1 high
s 3 samples from PTC patients with HT
Ty
o Follicular epithelial cell CCDC80 high
2 adjacent samples from PTC patients with HT 4 e N
T T s . 3
Smooth muscle cell
* Dissociation k
Mast -
Microwell-seq o it R Czod D bigh
I
g o e pell ——
= NKT ce 3 s 5 high
3 2 o S : (ROIRF bigh
(3] = P
5 Folliculan?elial cell SFTPB high
Follicular epilh%;TfF! hig!
Stromal cell
-4
lllumina )
Sequencing
Vaszu%dulhelial cell
Library preparation ™
1o 5 3 5
UMAP_1
o Pt oz © Mewomiconrg @ N ° e PY—
© ol o SO @ Pl U2 @ Bt © Pomcac s
® oreoe © Mo L CICL N @ Pkt TSN © boh i @ et
® ware ot P o © et sconnan
. coocmner © PR PRz @ N routnn
c D
CellType .
= =
= —- = -E I
— = @
- %‘ o
- _— o
— = Loy .
— L] )
- — E-
= — = ¥|
—] %h
— - - B e
—-— - — %.
- )
- i
= B = ey = ﬁu
" —
= - & I
Sl=— = o
F G
— —_— n @ HT_PTC_1 °
= ® HT_PTC6 HT_PTC
- ® HTPTC8 ® PTC





OPS/images/fcell-09-758339-g003.jpg
" ccbeso
50 Follicular Epithelium s
‘ 25
¥ o PTC
> = ® PTC_HT
25
;‘
1 -50.
5 %0 45 o0 25 s 7s 500
4 UMAP_1 y .
. Expression Level
; TFF3
s0
28
25
o .
S « I
S £ . 2
0
25 00 25 50 -
UMAP_1
0

2 3 o
Expression Level

1GHG3 Follicular epithelial cell_TFF3 high qunzlhcu\arepiit-eliaI cell_TG high Follicular epithelial cell_NEAT1 high Follicular epithelial cell_JUN high  Follicular epithelial cell_CCDC80 high

S
16KC " oHG4 TFCP2L1 ;ﬁ:;:: B2 NFE2L2 RXRG
TF1 TMAX

ol INFIA JUN
% Rexs WFiC
o4l %

©

~

IFI6 e PTC
k ~

® PTC_HT
NS

NF559
QD_Z RF3

Specificity score

Specificiy score

Specificity score

7/
‘Specificity score
Specificity score
’”
-
T

IFI127
.
\ 0204 S
g oo
oHA} oLGLS! ¥ o] . \\‘
LY
. s \-

i
e % Regulons Regulons ' o Regulons '™

-1og10 (p_val_ad))

g
H
3

¥4

cCDesoe, it

c108 ONAS
T

wz) psets
MSUP craad@ s
ECMNGHERC/S100810 1E]
o
cmau\%‘v 4
NOVAT g 55270HCDN}

Gos2: MIR4458HG
oL

o Regulons Regulons £ 0

stp” 16l

Training & Val Embeddings tSNE

1070103 YHSPRS~MTT
3 ©

. P <0001

o
avg_logFC

oy

response o unfolded protein |
response to topologically incorrect protein {
response o temperature stimulus |
response 1o axdative stress {
response o antibiotc {

detoxication

response 10 heat{

MALAT1 expression
- ger
-l b

PTC+HT

Pvalue.adjust
0.00012

0.00009 J
0.00006
0.00003

cellular odant detoxifcaton {
celllar detoxication {

cellular esponse o unoided protein {

‘chaperone cofactor-dependent protein refolding |
e nove’ postiransiational protein olding {

‘de nove’ protein folding {

chaperone-mediated protein folding |

hycrogen peroride catabolic process {

protein refolcing {

6 Type

PTC_HT
41 prc

thyroid hormone metablic process {

-2

i -4
-6

mphocye medited inmuniy {
e response-actvaing el sufacereceplor sgnaing pattway |
antgenreceplor-medated sgnalng pathway

humoral mmune resporse |

posivereguiaton o eukocyte achvaton |

posive reguaton o cel actvaton

immunogibul medated nmune fesponse

B cel medated mmuniy {

posiive reguiaton of ymphocyte actvaton

humora immune response medated by circulatng immunogiobuin |
B cellachaton-

(o]
@
H
1
@
5o
3
3

reguiaionof 8 cellacvation {
posive regulaton of B cel achvaion
phagocyoss, fecognion
phagocyioss, engument

plasma membrane inagaaton

Pvalue.adjust
9e-13
6e-13
3e-13 5‘
o

@
2
g
8=
s
3
ERS





OPS/images/fcell-09-758339-g002.jpg
4 CNV_Predict

A B NN 1A T 0 AR [ | WM CNV_Predict
B (] B (| [E Patient

Follicular epithelial cell CCDC8O high .
¥ Not Detected

Patient

HT_PTC_ 1
HT_PTC_6
HT_PTC_8
PTC_2
PTC_3
PTC 4
PTC_S
PTC_7

Cluster

Follicular epithelial cell_C20rf40 high
Follicular epithelial cell_CCDC80 high
Mesenchymal cell_ADIRF high

RP high

Follicular epithelial cell C2ORF40 high

Smooth muscle cell

ume 2

Follicular epithelial cell ZCCH!

o

. . Mesenchymal cell_CXCL14 high

Follicular epithelial cell P} Stromal cell Follicular epithelial cell_SFTPB high
ok @ Follicular epithelial cell_TFF3 high

Follicular epithelial cell_NEAT1 high
Follicular epithelial cell_ZCCHC12 high
Follicular epithelial cell_PRSS2 high

ial cell

Cc prsszvn

Folicuar epithelal coll ZCCHC12 high

- Folicularepitheial cell NEAT1 high

——
-
® HT_PTC_1 oPTC 2 © HT PTC eprecicied Tumog, @ RP high Foolrepeataca TN —
: W{TCJ #PTC 3 ° PTC @ Predicted Nwié ©MT high Folicular epiheial cell SFTPO igh-| -
.

—
—
—

+| @Not Detected © Vascular endothelial cell I_CXCL14 high

 Smooth muscle cell Mesenchymal cel_ ADIRF high:
Stromal cell

Folicuarepithelal cal CCDCH0 igh
Foliculrepihia ce 20140 high

Fraction of predicted tumor cells

[] § 10 £ (] 5 10 CNV_Predict
s wap_s w1 Predicted Tumor
Predicted Normal
05 | Not Detected
0
D 05
«TACSTD2 H TEF3® 1
H H .
IFle
100 -
« GPX3
a © BRAF V600E- ® LNM-
g 4 IF127 = /8 - P
! H CEDC80 | ® BRAF V60OE+ g *IGKC o LNM+ OXIDATIVE_PHOSPHORYLATION
g HSPAIB o Plione S0
| 3 Vs ADIPOGENESIS
50, TPSB2 usPAa "CEDN3 msmpe | ® NS g “ NS P53_PATHWAY
2 1 elcre m‘(b\'s Haopes  TFF3s 2
- SERTADYLY % %oss BSTZ, ECM1 ’
BRD2
Skl ﬁWEG NEAT \KMK Peske %
25]" aHmebar N icarge—Tp0
oYP4BY OLFML C108—EFEMP1
11TV #WFDC2, MT1G
Ao? S PSSz GSF1
b o
1 o B 2 2 1 o i 2
avg_logFC avg_logFC
F DFS by TACSTD2 expression
100
s, R
€ g DFS by CTSC expression
o @ 100/
é H
4 50 R P ——
g.' H 75,
o E
a 25,
8. :
3 i
o
=4 6 ® £ 60 25
Duration of follow up (months)
: 9% 3 n 1 5
——— Bl se 14 6 4 1 g @ o & &
g % © £ w Duration of follow up (months)
BRAF negative BRAF positive Duration of follow up (months) S Numberatrisk
Expression + Low + High | an 9% 34 18 2
g 89 17 5 2 0
g % & =
DFS by CLDNS expression Duration of follow up (months)
100
&
. P <0.001 Expression + Low + High
. 3
;75 DFS by B2M expression
g ! 1
@ 50 TSP
8
& 8 e
x 8 @
hd 25§
o 3
z: Lo
] ol P=0.086 §
o
. 3 % % £ 0 [P
Duration of follow up (months)
§  Numberatrisk
B ﬁ 314 66 2 10 1 of P=0021
s gl 186 46 17 5 1 g 3 i 3 3
BRAF negative BRAF positive ] © o £33 ® Duration of follow up (months)
Duration of follow up (months) §  Numoeratrisk
Expression + Low + High a7 100 34 1 2
Zol 8 12 5 4 0
g o

&
Duration of follow up (months)
Expression + Low + High





