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495 Abstract

496 Thyroid diseases are common and highly heritable. Under the Global Biobank
497 Meta-analysis Initiative, we performed a meta-analysis of genome-wide association

498  studies from 19 biobanks for five thyroid diseases: thyroid cancer, benign nodular goiter,
499  Graves' disease, lymphocytic thyroiditis, and primary hypothyroidism. We analyzed

500 genetic association data from ~2.9 million genomes and identified 235 known and 501
501 novel independent variants significantly linked to thyroid diseases. We discovered

502 genetic correlations between thyroid cancer, benign nodular goiter, and autoimmune
503 thyroid diseases (r?=0.21-0.97). Telomere maintenance genes contribute to benign and
504 malignant thyroid nodular disease risk, whereas cell cycle, DNA repair, and DNA

505 damage response genes are predominantly associated with thyroid cancer. We

506 proposed a paradigm explaining genetic predisposition to benign and malignant thyroid
507 nodules. We evaluated thyroid cancer polygenic risk scores (PRS) for clinical

508 applications in thyroid cancer diagnosis. We found PRS associations with thyroid cancer
509 risk features: multifocality, lymph node metastases, and extranodal extension.
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510 Thyroid diseases are highly prevalent. According to the American Thyroid

511  Association, over 12 percent of the US population will develop a thyroid condition during
512 their lifetime (https://www.thyroid.org/media-main/press-room/). Thyroid cancer is the
513 most common endocrine malignancy, with 44,020 new cases and 2,170 deaths in the
514  United States in 2024 '. Thyroid function diseases, hypo- and hyperthyroidism,

515 negatively affect most organ systems and are associated with major excess in

516  cardiovascular mortality 2. It is not well understood why some individuals develop

517  thyroid disease, although genetic 3># and environmental factors (radiation exposure®)
518 play arole.

519 Genetic effects are estimated to contribute up to 53% to thyroid cancer

520  susceptibility in family studies 34, making thyroid cancer one of the most heritable
521  common cancers®8. For autoimmune thyroid diseases, genetic factors account for
522  approximately 75% of the total phenotypic variance ’.

523 Ruling out thyroid malignancy is a common clinical task due to the high

524  prevalence of thyroid nodules. Thyroid ultrasound reveals nodules in up to 65% of the
525 general population, with prevalence increasing in women, with increasing age, and after
526 radiation exposure &°. Clinical providers assess thyroid nodule sonographic

527  characteristics '° to decide if fine needle aspiration (FNA) biopsy is indicated. Over

528 600,000 fine needle aspiration thyroid nodule biopsies (FNA) are performed annually in
529 the United States to rule out cancer "', and most (~92%) produce benign, inadequate, or
530 indeterminate results 213, Genetic thyroid cancer risk assessment with polygenic risk
531  score (PRS) provides an opportunity to improve the diagnostic yield of FNA and reduce
532 unnecessary procedures, molecular tests and diagnostic surgeries 4.

533 In addition to the clinical applications, discovering genetic variants predisposing
534  to thyroid cancer and benign thyroid conditions helps in understanding the biological
535 processes leading to disease. Several genome-wide association studies (GWAS) have
536 been conducted on thyroid cancer 32, More recently, the Global Biobank Meta-

537 analysis (GBMI) consortium combined data from 6,699 individuals with thyroid cancer
538 and ~2.2 million controls and identified 27 significant genetic associations?'. GWAS for
539  benign thyroid diseases and related traits, such as thyroid-stimulating hormone (TSH)
540 levels, have been performed in large biobanks: UK Biobank?223, FinnGen 24, and Million
541  Veteran Program 2°. However, a systematic analysis of underlying genes, pathways,
542  and clinical relevance is missing.

543 Platforms such as the Global Biobank Meta-analysis initiative (GBMI,

544  https://www.globalbiobankmeta.org/ 2') enable global collaborations among dozens of
545  participating biobanks, resulting in unmatched GWAS discovery power and data

546  diversity, particularly relevant to cross-phenotype investigations. In this study, we report
547  results from a GBMI project dedicated to thyroid diseases. We confirmed many

548  previously reported variants and discovered hundreds of novel genetic associations with
549 thyroid diseases. We found genes and pathways unique to malignant and benign

550 nodular disease. We defined potential clinical applications for polygenic risk scores
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551  (PRS) for thyroid cancer to better distinguish thyroid cancer from benign nodules before
552  FNA. We found a genetic predisposition to multifocal and metastatic thyroid cancer.

553
554 Results
555 The study had three phases (Figure 1): 1) Variant Discovery: GWAS, meta-

556  analysis, and quality control procedures; 2) Functional Inference: genetic correlations,
557  transcriptome-wide association studies (TWAS), pathway and gene expression

558 analyses; and 3) Clinical Studies: PRS development, testing on the clinical use case of
559  distinguishing benign from malignant thyroid nodules, and associations with cancer
560 aggressiveness.

561
562 Virtual Thyroid Biopsy Consortium
563 We founded the Virtual Thyroid Biopsy Consortium (Extended Data Figure 1)

564 under the Global Biobank Meta-analysis initiative (https://www.globalbiobankmeta.org/)
565 2! to study the genetic architecture of thyroid diseases at a global multi-ancestry scale.
566  The Consortium aggregates data from 19 biobanks in 10 countries and four continents.
567 (Supplementary Table 1). Biobanks performed multi-ancestry and/or ancestry-stratified
568 GWAS for five thyroid diseases: thyroid cancer, benign nodular goiter, Graves' disease,
569 lymphocytic thyroiditis and primary hypothyroidism. In addition, a GWAS of thyroid

570 cancer vs. benign nodular goiter was performed, focusing on the common clinical task
571  of determining malignancy in thyroid nodules. Phenotype and GWAS definitions are

572 listed in Supplementary Tables 2 and 3.

573
574 Meta-analysis of genome-wide association studies for thyroid diseases
575 Our meta-analysis aggregated data from 198 GWAS summary data files

576  (Supplementary Table 4). Individual GWAS runs were well controlled for confounding
577  (covariate-adjusted LD score regression [cov-LDSC]?® Y-axis intercept 1.00 + 0.05

578 [mean x SDJ]). Healthcare system-based biobanks had a higher disease prevalence
579  than population-based biobanks (Extended Data Figure 2), as reported previously 2'.
580 BioMe, the All of Us Research Program (AoU), and the Million Veteran Program

581 Biobanks had the most diverse participant pools as measured by Summix2 27,

582 The meta-analysis included 21,816 cases of thyroid cancer, 68,987 cases of

583  benign nodular goiter, 18,719 cases of Graves' disease, 18,331 cases of lymphocytic
584 thyroiditis, 257,365 cases of primary hypothyroidism, and ~ 2.9 million controls

585 (Supplementary Table 3). Population structure was determined with Summix2 2?7 via
586  mixture modeling of study-based allele frequencies compared to the gnomAD reference
587 panel 2. Seventeen percent of genotypes were from individuals of African (AFR-like),
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588 4.4 % from Admixed American (AMR-like), 8.1% from East Asian (EAS-like), and 70.5%
589 from European (EUR-like) ancestry.

590 We found 736 independent (loci separated by at least 500 kb) variants

591  significantly (p-value < 5e-8) associated with thyroid diseases, including mixed-ancestry
592  and ancestry-stratified genetic associations (Table 1, Supplementary Tables 5.1-5.6).
593  Of these, 235 variants were reported to the NHGRI-EBI Catalog?® for thyroid traits (as of
594  April 2024), and 501 genetic associations were novel. Most lead associations are in the
595 introns of protein-coding genes (n = 356), followed by intergenic variants (n = 215

596 variants). Among 46 significant exonic variants, 43 are non-synonymous, potentially

597 altering protein function.

598 Ancestry-stratified GWAS (Supplementary Tables 5.1-5.6) replicated many

599 associations from the combined mixed-ancestry meta-analysis with some exceptions.
600 For example, a rare (minor allele frequency [MAF] = 0.0007) non-synonymous exonic
601  variant in the shelterin complex gene TERF1 (8:73046129:G:A, B=1.33, p-value = 8.8e-
602  10) was significantly associated with thyroid cancer in the EUR-like meta-analysis only
603  (mixed ancestry GWAS (3=1.16, p-value = 5e-4).

604 SNP heritability (h2,p) and genetic correlation.

605 Cov-LDSC estimated hZyp, ranged from 0.067 (SE = 0.01) for benign nodular
606  goiter in mixed-ancestry meta-analysis to 0.11 (0.026) for EUR-like thyroid cancer meta-
607 analysis (Supplementary Table 6).

608 Genetic correlation was very high for lymphocytic thyroiditis and hypothyroidism
609 (mixed-ancestry, r2 = 0.97 [0.04], p-value = 7.9e-105, Figure 2, Supplementary Table
610 7). We found significant (Benjamini-Hochberg false discovery rate (FDR) <0.05) genetic
611  correlations between lymphocytic thyroiditis and Graves' disease (r?2 = 0.62 [0.07]),

612  lymphocytic thyroiditis and benign nodular goiter (r2 = 0.15 [0.07]), thyroid cancer and
613  benign nodular goiter (2 = 0.40 [0.16]), Graves' disease and hypothyroidism (r2 = 0.36
614  [0.07]), Graves' disease and benign nodular goiter (r2 = 0.31 [0.07]), and Graves'

615 disease and thyroid cancer (r? = 0.21 [0.05]). Genetic correlation analysis in EUR-like
616  meta-analysis showed similar results. (Extended Data Figure 3, Supplementary Table
617 7).

618 Transcriptome-wide association study (TWAS).

619 We performed cis-acting expression quantitative trait loci (cis-eQTLs) TWAS

620 using two methods, FUSION® and S-PrediXcan3'32 and GTEx v8 thyroid tissue

621  expression models 33, to identify potential causal variants affecting gene expression and
622  assign intergenic and non-coding RNA variants to protein-coding genes.

623 FUSION TWAS, as applied to the mixed-ancestry and EUR-like thyroid cancer
624 GWAS meta-analysis, identified expression of 55 unique protein-coding genes
625 (Supplementary Tables 8 and 9). FUSION also identified 47 and 45 significant (after
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626  Bonferroni adjustment) lead cis-eQTL variants from mixed ancestry and EUR-like

627 GWAS, respectively. TWAS attributed many significant intergenic and non-coding

628  variants to protein-coding genes based on reported eQTL status. For example, GWAS
629 intergenic variant 1:218515813:T.C (mixed-ancestry thyroid cancer GWAS meta-

630 analysis p-value 4.07e-39) was also a lead cis-eQTL variant in FUSION TWAS for

631  TGFBZ2 (p-value = 3.59e-61). Most significant genes found by FUSION TWAS were also
632 replicated by S-PrediXcan, indicating the analytic rigor of our analyses (Supplementary
633 Tables 5.1-5.6).

634 TWAS found additional significant genes where meta-analysis failed to identify
635 genome-wide significant associations, e.g., VEGFC (p-value = 1.30e-06), CDCA7L (p-
636 value = 6.02e-07), and NBR1 (p-value = 1.02e-06), further expanding our knowledge of
637 genes associated with thyroid cancer risk beyond those with variants with marginal

638  significance.

639 Gene expression analysis.

640 We evaluated mRNA expression of genes discovered in the thyroid cancer

641  GWAS meta-analysis and TWAS in normal and malignant thyroid tissues (Extended
642 Data Figure 4, Supplementary Table 10). Of the twenty total evaluated tissue types 34,
643 normal thyroid tissue was among the top three highest-expressing tissues for twenty-
644 two genes. Two genes, TG and PTCSC2, are expressed only in the thyroid.

645 The expression of four genes (VAV3, PCNX2, ETS1, and PIBF1) correlated with
646  younger age at thyroid cancer diagnosis in The Cancer Genome Atlas study for papillary
647  thyroid cancer (THCA-TCGA)% and/or the Oncology Research Information Exchange
648 Network (ORIEN) AVATAR study (https://www.oriencancer.org/) (r? = -0.14 to -0.22, p-
649 value < 4.2e-05). TERT expression correlated with older age at diagnosis (r2 = -0.17 to -
650 0.21, p-value < 7.4e-05), matching a similar association with somatic TERT promoter
651  mutations 36. Overall, the expression of most significant genes (47 out of 54 with RNA
652 sequencing data in THCA-TCGA) was correlated with at least one clinical or molecular
653  thyroid cancer risk feature: higher stage, presence of extrathyroidal extension, BRAF
654  V600E mutation, lower BRAF/RAS score (indicating BRAF-like expression profile39),
655 higher ERK score (measuring RAS/MAPK pathway activity), and lower thyroid cancer
656 differentiation (estimated with thyroid differentiation score 3°) (Extended Data Figure 4,
657 Supplementary Table 10, Bonferroni-corrected p-value < 9.1e-05).

658

659 Pleiotropic and disease-specific associations with thyroid cancer and
660 benign nodular goiter.

661 We do not know why some patients develop benign thyroid nodules, while others
662 get thyroid cancer. To understand cellular functions and pathways leading to benign or
663  malignant thyroid nodular disease, we explored pleiotropic and thyroid cancer- and

664  benign nodular goiter-specific loci (Figure 2).
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665 We generated locus plots for genes with significant GWAS meta-analysis

666  associations and genes with significant cis-eQTL in TWAS (Supplementary Figures
667 1.1-1.3). We categorized loci as those significantly associated with: 1) thyroid cancer
668  but not benign nodular goiter (these loci may contribute to malignant transformation of
669 follicular cells, Supplementary Table 11, Supplementary Figure 1.1); 2) benign

670  nodular goiter but not thyroid cancer (these loci may lead to non-neoplastic thyroid

671  nodules and thyroid neoplasms with low malignant potential, Supplementary Figure
672 1.2); and 3) both benign and malignant thyroid nodules (Supplementary Figure 1.3). In
673  addition, we identified loci that were strongly associated with thyroid cancer (p-value <
674  1e-20) but relatively weakly (p-value >1e-10) associated with benign nodular goiter
675 (e.g., HAUS6 and SDCCAG) despite greater discovery power of benign nodular goiter
676 GWAS meta-analysis.

677 Among 28 genes associated predominantly with thyroid cancer, 12 encode

678 components of cell cycle checkpoints and proteins regulating centrosome and

679  kinetochore function, microtubule attachment, and chromosome segregation (ATM,

680 CDC25B, CENPB, CENPE, CEP120, CHEK2, HAUS6, HMMR, MAD1L1, NUF1, PMF1,
681 SDCCAGS). Five genes play a role in DNA repair and cellular response to DNA damage
682 (ATM, DCLRE1B, PCNX2, PML, TP53).

683 Benign nodular goiter-specific genes (n = 38) participate in insulin-like growth
684 factor 1 (IGF1, IGF2BP2, and IRS1) and fibroblast growth factor (FGF7, FRS2)

685  signaling pathways. Genes participating in thyroid gland development and thyroid
686  hormone synthesis were linked to benign nodules (GLIS3, TPO), but some are also
687  associated with thyroid cancer (NKX2-1, TG).

688 Notably, significant loci in telomere maintenance genes (ACTRT3, TERC,

689 LRRC34, ETS1, EXO1, STN1, TERT) were associated with both thyroid cancer and
690  benign nodular goiter. Genes participating in apoptosis, senescence, and transforming
691  growth factor B (TGFp) signaling are present in all three gene categories

692 (Supplementary Table 11) and contribute to the development of both benign and

693 malignant thyroid nodules. Variants in some of these overlapping genes (e.g., TERT,
694 5:1280013:T:C, B = 0.11 [0.02], p-value = 1.71e-10; NRG1, 8:32571946:G:A, B =-0.18
695 [0.02], p-value = 9.89e-25) were also significant in our meta-analysis of thyroid cancer
696 vs. benign nodular goiter GWAS (Supplementary Table 5.6), indicating differential
697  contribution to these diseases. Of particular interest is the PTCSC2 locus because its
698  significant variants have the opposite direction of effect with thyroid cancer and benign
699 nodular goiter (Extended Data Figure 5, p =-0.77, p-value = 1.2e-24).

700 KEGG?®” and Reactome?® pathway analysis identified cell cycle, senescence and
701 apoptosis as key biological processes contributing to thyroid cancer risk

702  (Supplementary Tables 12 and 13). IGF1 and PI3K/AKT signaling pathways were

703  significantly associated with benign nodular goiter. Consistent with our analysis of

704 individual genes (Supplementary Table 11, Supplementary Figure 1.3) telomere-

705 related pathways were found in both thyroid cancer and benign nodular goiter analyses.


https://doi.org/10.1101/2025.05.15.25327513
http://creativecommons.org/licenses/by-nc/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.05.15.25327513; this version posted May 16, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

706

707 Pleiotropic and disease-specific associations with autoimmune thyroid
708 diseases.

709 Graves' disease and lymphocytic thyroiditis/primary hypothyroidism are related
710  autoimmune endocrine diseases with opposite clinical manifestations, causing
711 hyperthyroidism and hypothyroidism, respectively °.

712 Plausibly, most genes and KEGG and Reactome pathways associated with

713  autoimmune thyroid diseases (Supplementary Tables 12 and 13) are related to the
714  immune system. Almost all loci significantly associated with Graves' disease

715  (Supplementary Figure 2.1) are also linked to primary hypothyroidism. Four genes

716  (CD2, CD40, LINGO2, and TNRC18) were discovered in Graves' disease (p-value < 5e-
717  8) but not hypothyroidism GWAS meta-analysis (Supplementary Figure 2.2). Genetic
718  associations with lymphocytic thyroiditis (Supplementary Table 5.4) replicated those
719  with primary hypothyroidism (Figure 2).

720
721 Polygenic risk score (PRS) for thyroid cancer diagnosis.
722 PRS quantifies an individual's risk for developing a specific trait or disease based

723  on their genetics. We explored the ability of PRS to identify people at high risk for

724  thyroid cancer (PRSthc vs. an) in the Colorado Center for Personalized Medicine (CCPM)
725  Biobank population (n = 94,651). PRSthc vs. Al was calculated from the independent

726  significant variants from the multi-ancestry thyroid cancer meta-analysis, leaving CCPM
727  out of training to avoid overfitting.

728 Population screening for thyroid cancer is controversial; therefore, we also

729  assessed the utility of PRS for the clinically relevant task of distinguishing benign from
730  malignant thyroid nodules (PRSthc vs. BNG). PRSThe vs. BNG Was defined as the difference
731 between PRSthc vs. s and PRS for benign nodular goiter (PRSsNG vs. All): PRSThc vs. BNG =
732 PRS thc vs. All- PRSBNG vs. Al

733 PRSThc vs. Al achieved an area under the receiver operating characteristic curve
734  (AUC) of 0.686 (95% ClI, 0.669,0.703, Supplementary Table 14). Genome-wide

735  PRSthcvs. anl calculated using PRS-CS#° showed an AUC of 0.695 (0.669,0.721, Figure
736  3A). Individuals with PRSthc vs. Al in the top decile have ~10.7 times the odds to develop
737  thyroid cancer than those in the first decile (Figure 3B).

738 Our PRSthc vs. anl significantly outperformed the thyroid cancer PRS derived from
739  the largest previous GWAS meta-analysis from the GBMI phase | project?' (AUC 0.651
740 [0.632, 0.671], DelLong test p-value = 1.13e-07). This improvement highlights the

741 greater discovery power of a large meta-analysis.

742 To test PRS performance on a clinically relevant use case of discriminating
743  benign and malignant thyroid nodules (ThC vs. BNG), three clinicians (CB, TJ and NP)
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744  performed clinical chart reviews. We confirmed the diagnosis of non-medullary thyroid
745  cancer in 1,344 patients and the diagnosis of benign nodular goiter in 281 (out-of-

746 sample test set). All benign cases were supported by surgical histopathology to avoid
747  contamination due to small thyroid cancers not eligible for biopsy.

748 PRSthc vs. il performed worse for the clinical ThC vs. BNG task (AUC 0.618

749  (0.561,0.675), which is expected due to the genetic associations shared between

750 thyroid cancer and benign nodular goiter. PRSthc vs. BNG, leveraging genetic associations
751 with both thyroid cancer and benign nodular goiter, demonstrated an improved AUC for
752  the ThC vs. BNG clinical task (0.664 [0.586,0.742], DelLong test p-value = 5e-4).

753  Thyroid nodules in individuals with PRSthc vs. BnG in the top decile had ~7.8 times the
754  odds to be malignant than in individuals with PRSthc vs. BNG in the first decile (Figure

755  3B).

756 For benign thyroid diseases, PRS AUCs ranged from 0.585 (0.572,0.599) for
757  benign nodular goiter to 0.664 (0.638,0.69) for Graves' disease. PRS analyses in the
758  European population showed results similar to those from the mixed-ancestry GWAS
759  meta-analysis (Supplementary Table 14).

760 Incorporating demographic and genetic ancestry covariates improved predictions
761  for thyroid cancer (PRSthcvs. At AUC 0.721 [0.707,0.735]) and other thyroid diseases
762  (AUC ranging from 0.686 (0.655,0.718) for benign nodular goiter to 0.727 (0.709,0.745)
763  for hypothyroidism). We expected this improvement because of the higher incidence of
764  thyroid diseases in women*' and the increased risk of developing thyroid nodules and
765  hypothyroidism with age®#?. However, no significant improvement in clinical PRSthc vs.
766  BNG performance was observed (Supplementary Table 14).

767 We did not find a significant drop in PRS performance measured with AUC in
768 EUR-like, AMR-like, and AFR-like strata (De-Long test, p-value > 0.05) except for
769  hypothyroidism PRS in AFR-like individuals (Extended Data Figure 6).

770
771 Polygenic risk score and thyroid cancer aggressiveness.
772 We evaluated associations between thyroid cancer PRS and aggressive features

773  of thyroid cancer in three domains (patient, tumor, and metastatic disease), abstracted
774  from surgical histopathology reports and clinical notes (Figure 3C, Supplementary

775  Table 15). PRSthc vs. Al Was significantly associated with tumor focality and extranodal
776  extension. PRSthc vs. BNG Was significantly associated with tumor focality and the number
777  of neck lymph node metastases (p-value < 1.7e-3, Bonferroni-adjusted p-value

778  threshold). In addition, PRSthc vs. Al was associated with lymphatic invasion, and PRStnc
779  vs.BNG Was related to the risk of structural disease recurrence (defined per the American
780  Thyroid Association guidelines 4%) at a nominal p-value threshold of <0.05.

781
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782 Discussion

783 We completed the largest GWAS meta-analysis for five thyroid diseases,

784  leveraging a global collaboration involving 19 Biobanks from 10 countries. The

785  Consortium replicated 235 genetic associations deposited in the NHGRI-EBI GWAS
786  Catalog as of April 2024 (v.1.0.2) and discovered 501 new independent associations
787 (Table 1).

788 Genetic correlation analysis (Figure 2) identified shared genetic architecture

789  between thyroid diseases that is physiologically plausible and clinically meaningful.

790  Chronic lymphocytic thyroiditis is a leading cause of primary hypothyroidism#4,

791  explaining the near-perfect genetic correlation between these two diseases. The shared
792  genetic basis for lymphocytic thyroiditis and Graves' disease is also expected because
793  both conditions are autoimmune diseases with highly concordant familial risk 45. The
794  genetic correlation between Graves' disease and thyroid nodular disease (both benign
795 nodules and thyroid cancer) may be mechanistically explained by enhanced thyroid-
796  stimulating hormone (TSH) receptor signaling, which promotes thyroid epithelial growth
797  and protects thyroid cells from apoptosis “6. Previous population-based studies found an
798 increased risk of thyroid (hazard ratio 10-15) and other cancers in patients with Graves'
799 disease %', consistent with our findings.

800 Shared (genetic correlation r?2 = 0.4-0.5) and unique genetic associations with
801  thyroid cancer and benign nodular goiter allowed insights into genes and pathways that
802 lead to malignant and benign thyroid nodules. Our hypothesis explaining why some

803 individuals are susceptible to thyroid nodules while others develop thyroid cancer is
804 shown in Figure 4. We propose that two biological processes with distinct genetic

805  architecture cause thyroid nodules: 1) hyperplasia, a polyclonal follicular cell

806  proliferation with no malignant potential, and 2) neoplasia, a clonal growth driven by
807 somatic genetic alterations. Neoplastic nodules can be benign or malignant, resulting in
808 the mismatch between biological mechanisms (hyperplasia vs. neoplasia) and GWAS
809 phenotype definitions (benign and malignant thyroid nodules), resulting in partial overlap
810  in genetic associations and significant genetic correlation between thyroid cancer and
811  benign nodular goiter phenotypes.

812 We found that genes participating in the cell cycle, DNA repair and cellular

813 response to DNA damage are predominantly associated with thyroid cancer but not
814  benign nodules, highlighting the importance of these biological processes for malignant
815 transformation of thyroid follicular cells. These variants and genes can lead to more
816  aggressive multifocal and metastatic thyroid cancer (Figure 3C). On the contrary, genes
817 in fibroblast growth factor and insulin-like growth factor 1 signaling pathways were

818  uniquely associated with benign nodular goiter and may lead to hyperplastic benign
819  thyroid nodules without malignant potential. Variants in genes participating in telomere
820  maintenance increase the risk of thyroid cancer and benign neoplastic thyroid nodules
821  (adenomas). It was demonstrated previously that telomere-lengthening germline

822  variants predispose to papillary thyroid cancer. 4
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823 Our finding that autoimmune thyroid disorders share most genetic associations
824  (Figure 2) indicates that similar fundamental mechanisms lead to Graves' disease and
825 lymphocytic thyroiditis/primary hypothyroidism despite opposite clinical manifestations.

826 Of special interest are genes that were only found in Graves' disease meta-

827  analysis despite the much greater discovery power of hypothyroidism GWAS. These
828  unique associations (CD2, CD40, etc.) may be involved in the immune system

829  processes that define the type of autoantibodies produced: TSHR antibodies in Graves'
830 disease or TPO/TG antibodies in lymphocytic thyroiditis and primary hypothyroidism.
831  Consistently, variants in TSHR was strongly associated with Graves' disease (e.qg.,

832  14:80990913:A:C, 3=0.27 [0.01], p-value = 2.52e-137), while TPO and TG associations
833  were only seen in hypothyroidism meta-analysis.

834 Thyroid cancer caused 2,170 deaths in the United States in 2024". PRS derived
835  from thyroid cancer GWAS can identify individuals at thyroid cancer risk in the

836  population (Figure 4A and B, and *°). Thyroid cancer screening is not currently

837 recommended by the US Preventive Services Task Force (USPSTF) 0 due to concerns
838 about overtreatment and lack of mortality benefit. However, we found that PRS is

839  associated with high-risk thyroid cancer features (Figure 4C). Genetically-informed

840 screening, when thyroid ultrasound is recommended only for a subset of individuals with
841  high PRS, will not only increase diagnostic yield but may help identify patients who will
842  benefit from early diagnosis and screening. Clinical testing of such an approach is

843 needed.

844 Another clinically meaningful application for thyroid cancer PRS is for aiding in
845  the diagnosis of thyroid cancer in patients with thyroid nodules '4. Despite the

846  widespread use of clinical ultrasound-based algorithms 8°, 72% of FNAs produce

847  benign results, 20% are inadequate or indeterminate 1135152, PRS provides cancer risk
848  assessment that is complementary and synergistic to ultrasound-based nodule

849  evaluation "4,

850 We found that PRS derived from thyroid cancer GWAS meta-analysis alone is
851 inferior for distinguishing benign and malignant thyroid nodules (because many genetic
852  associations are shared between these two phenotypes, Supplementary Table 14).
853  Incorporating variants from both thyroid cancer and benign nodular goiter meta-analysis
854  (PRSthcvs.BNG) improved PRS performance. Active surveillance of thyroid nodules with
855 low-risk sonographic appearance in patients with reassuring PRS could reduce the

856  need for invasive procedures. Other putative clinical applications for PRS that have not
857 yet been explored are for molecular diagnostics of thyroid nodules with indeterminate
858  FNA cytology and to personalize decisions to proceed with hemi- or total thyroidectomy
859  for thyroid cancer.

860 PRSs for autoimmune thyroid diseases have significant predictive power (e.g.,
861  covariate-adjusted hypothyroidism PRS AUC of 0.721 [0.701, 0.742]). However, both
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862  hypothyroidism and Graves' disease are reliably diagnosed with biochemical and
863  antibody testing, and the utility of genetic risk evaluation is uncertain.

864 We recognize that, due to the demographics of participants in the Virtual Thyroid
865 Biopsy Consortium, we are underpowered in our ability to study individuals of non-EUR-
866 like ancestry. As our consortium grows, we look forward to conducting more ancestry-
867  specific analyses to ensure we find the results relevant to all individuals®?, and improve
868 our insights into rare variation across groups.

869 In summary, we conducted the largest meta-analysis of GWAS for five thyroid
870 diseases. We found many previously known and novel mechanistically plausible

871  variants, genes, and pathways contributing to the risk of thyroid cancer, benign nodular
872  goiter, and autoimmune thyroid diseases. We explained why some individuals are prone
873 to developing benign thyroid nodules while others are at risk of multifocal metastatic
874  thyroid cancer. We derived and tested polygenic risk scores for thyroid cancer

875  population screening and for a more clinically relevant task of distinguishing benign and
876  malignant thyroid nodules. This study will serve as a foundation for future clinical

877  applications leveraging the germline genetics of thyroid diseases.

878
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991  Denver Anschutz Medical Campus, Aurora, Colorado, USA, waived ethical approval for
992  this work (COMIRB #20-2315).

993 This research has been conducted using the UK Biobank Resource under
994  Application Number 95339.

995
996 Virtual Thyroid Biopsy Consortium
997 We founded the Virtual Thyroid Biopsy (VTB) Consortium under the umbrella of

998  the Global Biobank Meta-analysis Initiative (GBMI) 2'. Nineteen biobanks from ten

999  countries and four continents contributed GWAS results to the meta-analysis (Extended
1000 Data Figure 1). Supplementary Table 1 lists biobank size, available ancestry strata,
1001  phenotyping, genotyping and imputation methods, and software for GWAS.

1002 Phenotype definitions

1003 We defined thyroid phenotypes using International Classification of Diseases
1004 ICD-9-CM and ICD-10-CM billing codes for United States biobanks, ICD-9 and ICD-10
1005  billing codes for international biobanks, and SNOMED codes and survey codes for the
1006  All of Us Research Program biobank (Supplementary Table 2). These phenotype
1007  definitions were shared with teams participating in the Consortium.

1008 To evaluate polygenic risk score performance and study its association with
1009 thyroid cancer risk phenotypes, we performed clinical chart reviews for genotyped
1010  participants in the Colorado Center of Personalized Medicine (CCPM) Biobank.
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1011 Histopathologic and cytologic diagnosis, patient characteristics (age at thyroid cancer
1012  diagnosis, death from thyroid cancer and risk of structural disease recurrence), tumor
1013  characteristics (tumor size, tumor focality, presence of extrathyroidal extension,

1014  lymphatic and angioinvasion, surgical margins positivity) and metastatic disease

1015  characteristics (presence of locoregional and distant metastases, extranodal extension,
1016  size and number of lymph node metastases) were extracted from surgical

1017  histopathology reports, thyroid nodule fine-needle aspirations reports, and

1018  endocrinology notes.

1019 The risk of structural disease recurrence was estimated on a continuous scale (1-
1020  55% risk) as described in the American Thyroid Association thyroid cancer guidelines.*?
1021 For patients with multiple surgeries, the highest stage/risk was used (e.qg., if the first
1022  surgery histopathology evaluation reported Nx stage but lateral neck metastases were
1023  found later, N1b stage was used for the association analysis). Thyroid cancer risk

1024  phenotypes are summarized in Supplementary Table 14. Benign cases for PRS

1025 evaluation in CCPM were defined based on surgical histopathology reports.

1026 Genome-wide association studies (GWAS)

1027 Case and control definitions for GWAS are listed in Supplementary Table 3.
1028  Phenotype exclusions were used only if clinically or biologically justified. We excluded:
1029 1) patients diagnosed with medullary thyroid cancer from thyroid cancer GWAS (if

1030  medullary thyroid cancer data was available; because rare medullary thyroid cancers
1031  are genetically distinct from the common follicular cell-derived thyroid cancers); 2)

1032  thyroid cancer cases from benign nodular goiter GWAS (because all thyroid cancers are
1033 initially diagnosed as thyroid nodules to avoid contamination of benign nodular goiter
1034  cases with malignant tumors), and 3) patients diagnosed with hypothyroidism other than
1035  primary (iatrogenic, congenital, central) from hypothyroidism GWAS.

1036 Each biobank conducted genotyping, imputation, quality control, and genetic
1037  ancestry analysis independently (Supplementary Table 1), except for the All of Us
1038 Research Program Biobank, where a custom pipeline was designed to use whole
1039 genome sequencing data and maximize variant overlap with other Biobanks.

1040 GWAS analyses were run using either linear mixed models (SAIGE) % or whole
1041 genome regression (REGENIE)®®, adjusted for case-control imbalances using

1042  saddlepoint approximation or Firth's logistic regression. The biobanks were instructed to
1043  use age, sex, up to 20 first principal components, and biobank-specific variables (such
1044  as genotyping batches and recruiting centers) as covariates.

1045 In addition to multi-ancestry analyses, GWAS stratified by genetic ancestry were
1046  performed when the case counts permitted. Supplementary Table 4 lists case and
1047  control counts, Summix2 3¢ population structure estimates, and quality control metrics
1048 calculated with the covariate-adjusted LD-score regression?® for 198 GWAS analyses
1049 integrated into the meta-analyses.
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1050 Genome-wide association studies in the All of Us (All of Us) Research
1051  Program Biobank
1052 We used All of Us whole genome sequencing v7 (WGS) data (245,388 WGS) to

1053  produce a genetic dataset that maximizes variant overlap with the analyses performed
1054 in the other biobanks (Extended Data Figures 7 and 8). An inclusive list of single-
1055  nucleotide polymorphisms (SNPs) and indels from GWAS analyses was compiled and
1056  supplemented with variants from the Polygenic Score Catalog (reported as of February
1057  2024). This list contained ~ 147 million SNPs and indels.

1058 WGS variant level QC was performed by All of Us as reported in the All of Us
1059  Research Program Genomic Research Data Quality Report %°. In addition, we filtered
1060 the dataset to a maximal set of unrelated samples estimated from kinship scores and
1061 only included individuals with electronic health records and/or survey data for phenotype
1062  definitions (193,429 WGS).

1063 We developed a Hail Python pipeline that extracts variants of interest from the
1064  AoU variant dataset (VDS) (https://hail.is/docs/0.2/vds/index.html). The code is publicly
1065 available in the GitHub repository for this study (https://github.com/pozdeyeviab/vds-
1066 filter/tree/main). The resulting BGEN dataset contained ~118 million directly genotyped
1067  variants (a significant decrease from 972 million variants in VDS), permitting GWAS
1068 using REGENIE version 3.2.4.

1069 Post-GWAS quality control

1070 The post-GWAS quality control workflow diagram is shown in Extended Data
1071 Figure 9. All GWAS summary data were harmonized to gnomAD (v4.1.0) (GRCh38
1072  human genome reference)?.

1073 Each GWAS summary data set (Supplementary Table 4) was processed using
1074  the following steps.

1075 1. Variant-level quality control. The following variants were removed from the
1076 GWAS summary data:

1077 a. Variants containing alleles with characters other than A, T,C, or G.

1078 b. Variants with a p-value equal to zero, effect size (B) or standard error =
1079 1e6 or <-1e6, and variants with an imputation score < 0.3.

1080 c. Variants with AF < 0.0005 or > 0.9995.

1081 d. Variants with allele count < 20.

1082 e. The variants were aligned to gnomAD (v4.1.0) reference . Ancestry-
1083 specific gnomAD allele frequencies (AFs) were used for single-ancestry
1084 GWAS. Both palindromic and non-palindromic variants were tested for
1085 exact and inverse alignments. Palindromic variants were removed due to
1086 potential strand flip if they met any of the following criteria: the fold

1087 difference between gnomAD AF and GWAS AF > 2; or GWAS AF > 0.4
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1088 and < 0.6; or GWAS AF < 0.4 and gnomAD AF > 0.6; or GWAS AF >0.4
1089 and gnomAD AF < 0.6.

1090 f. Variants flagged as low-quality by gnomAD.

1091 g. Variants with Mahalanobis distance between gnomAD AF and harmonized
1092 GWAS AF of > 3 standard deviations from the mean.

1093 2. GWAS summary level data quality control

1094 a. Population structure. Summix2%6 was used to estimate the population
1095 structure from the GWAS summary data. We used a random set of 10,000
1096 variants from chromosome 21 and reference allele frequencies for AFR,
1097 AMR, EAS, NFE, MID and SAS genetic ancestry groups from gnomAD
1098 (v4.1.0). The results from five Summix2 runs, each using a different

1099 random set of reference variants, were averaged. We compared GWAS-
1100 derived Summix2 population proportion estimates to those published by
1101 MVP , CCPM and AoU and found almost perfect agreement (Extended
1102 Data Figure 10, r2 = 0.999, p-value = 1.96e-22).

1103 Single-ancestry GWAS summary data analysis showed good agreement
1104 between the ancestry reported by the biobank and Summix2 estimate
1105 (median fraction of target ancestry is 0.88-0.97).

1106 b. Covariate-adjusted LD score regression (cov-LDSC) 26 was used to

1107 evaluate for confounding in GWAS summary data, calculate the heritability
1108 of phenotypes, and estimate the genetic correlation between thyroid

1109 diseases. For each major continental ancestry, we generated a custom
1110 reference panel of 5,000 WGS from the AoU Biobank. For multi-ancestry
1111 GWAS, we used ancestry proportions calculated with Summix2

1112 (Supplementary Table 4). Samples, regions and variants that met at least
1113 one of the following criteria were removed: 1) missingness of > 0.1; 2)
1114 closely related individuals (plink king cutoff of 0.0884); 3) Hardy-Weinberg
1115 equilibrium exact test p-value < 1e-6; 4) minor allele frequency of < 0.01,
1116 and 4) genomic regions with high linkage disequilibrium (LD). Genetic
1117 principal components were calculated using plink2. Ten principal

1118 components and a window of 20 cM were used to calculate covariate-
1119 adjusted LD scores and estimate LD score regression intercept

1120 (Supplementary Table 4), heritability (Supplementary Table 6), and

1121 genetic correlations (Supplementary Table 7) 26.

1122 GWAS meta-analysis

1123 Fixed inverse variance weighted meta-analysis was run using METAL software.®?

1124  Individual GWAS summary data with cov-LDSC y-axis intercepts significantly deviating
1125  from one were adjusted before meta-analysis.

1126 Post-meta-analysis quality control, variant annotation and classification

1127 To minimize false positive hits introduced by confounding within a single large
1128  biobank, only variants present in at least four input GWAS datasets were considered in
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1129  the downstream analysis. If three or fewer datasets were available for the ancestry-
1130 stratified meta-analysis, then the threshold was set to two. Cochran's Q p-values were
1131 calculated to assess heterogeneity across datasets.

1132 We used hg38 human genome reference throughout the study. A genomic

1133  position-based algorithm similar to the one published in the GBMI flagship paper?' was
1134  used to define a set of non-overlapping genome-wide significant (p-value < 5e-8)

1135  variants. The algorithm ensures that there is at least 500 kb between significant variants
1136  in two neighboring loci. Lead variants were mapped to the nearest gene and annotated
1137  using ANNOVAR (version date June 7, 2020)%. A locus was considered novel if no

1138  variants for the corresponding phenotype were reported within £500 kb in the GWAS
1139  catalog (as of April 2024, v.1.0.2) 2%, Otherwise, the variant was labeled as previously
1140  discovered.

1141
1142 Heritability estimation and genetic correlation analysis.
1143 We used cov-LDSC (V. 1.0.0) 26 with a custom population structure-matched

1144  linkage disequilibrium (LD) reference panel (see the section on GWAS summary level-
1145  data quality control) to calculate SNP-based heritability (h2syp). Observed-scale

1146  heritability estimates and the corresponding SEs were converted to liability scale using
1147  phenotype population prevalence calculated in the All of Us v7 dataset (Supplementary
1148  Table 6). Similarly, pairwise genetic correlations between the five thyroid phenotypes
1149  (Supplementary Table 7) were calculated using cov-LDSC with a custom LD-score
1150 reference panel.

1151 Polygenic Risk Score Calculation and Evaluation

1152 To calculate and evaluate polygenic risk scores (PRS), we performed a leave-
1153  CCPM-biobank-out GWAS meta-analysis. We used similar data derived from the GBMI
1154  phase | thyroid cancer meta-analysis 2! in comparison. All PRSs in this study were
1155  tested on the current out-of-sample CCPM dataset (n = 94,651). This approach

1156  minimizes inflation of PRS performance due to overfitting. Adjusted PRS (covariates of
1157  age, sex and ten genetic principal components) were cross-validated (5-fold).

1158 Our PRS was calculated as a weighted sum of independent genome-wide

1159  significant risk alleles. For the clinically relevant use case of distinguishing thyroid

1160  cancer from benign nodular goiter, we defined PRStnhc vs. NG as the difference between
1161 PRS for thyroid cancer (PRSthc vs. A1) and PRS for benign nodular goiter (PRSBNG vs. All):
1162  PRSthcvs. BNG = PRSthC vs. All- PRSBNG vs. Al. TO compare with modern penalized methods,
1163 genome-wide PRSs were derived using the Bayesian regression framework within PRS-
1164  CS (version date May 14, 2024) 4°. PRS-CS was run with a global shrinkage parameter
1165  of 1e-4, and all other fields were set as default.
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1166 PRS performance predicting binary phenotypes was assessed using the area
1167  under the receiver operating characteristic curve (AUC). AUCs were compared with
1168  Delong's test for significant differences.

1169 Transcriptome-wide association study (TWAS)

1170 We performed cis-acting expression quantitative trait loci (cis-eQTL) TWAS using
1171 FUSION 0. FUSION was run on multi-ancestry and European meta-analysis summary
1172 data, 1000 genomes LD reference data, and all samples thyroid expression reference
1173  weights precomputed from GTEx v8 33 (http://qusevlab.org/projects/fusion/).

1174 To replicate our findings in FUSION, we also employed the Summary-PrediXcan

1175  (S-PrediXcan) % to derive gene-level association results from GWAS summary statistics
1176  and GTEx v8 33 as the reference set. GWAS meta-analysis summary data were

1177  harmonized and imputed as described previously

1178  (https://github.com/hakyimlab/summary-gwas-imputation). An imputed GWAS was used
1179  to generate gene-trait associations in thyroid gland tissue.

1180
1181 Candidate gene expression and pathway analysis.
1182 We studied gene expression of candidate genes linked to significant genetic

1183  associations discovered in the GWAS meta-analysis by ANNOVAR. In addition, we used
1184  significant (at a Bonferroni-corrected p-value threshold) protein-coding genes identified
1185 by cis-eQTLs TWAS. Intergenic variants that could not be unambiguously attributed to
1186  the expressed gene were not included.

1187 MRNA expression of thyroid cancer-associated genes was compared in 20

1188  human tissues using the National Center for Biotechnology Information Gene database
1189  (https://www.ncbi.nim.nih.gov/gene 3*). mMRNA expression was analyzed in thyroid

1190  cancers from the Cancer Genome Atlas study 3 and the ORIEN AVATAR Program

1191 (https://www.oriencancer.org/research-programs). Gene expression was compared by
1192  age at diagnosis, cancer stage, somatic mutation status and other tumor features

1193  (Supplementary Table 10).

1194 Reactome and KEGG pathway analyses were performed on all significant genes
1195  combined from FUSION and ANNOVAR using ReactomePA (v.1.16.2) 3 and

1196  clusterProfiler packages in R 4.4 with the default Benjamini-Hochberg adjustment for
1197  multiple hypothesis testing.

1198
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Table 1. Independent genetic loci associated with thyroid diseases.

Variant type, N

Variant location, N

NcRNA ncRNA
Phenotype Known | Novel | Exonic | 3UTR | 5’UTR | Upstream | Downstream exonic Intronic | intronic | Intergenic | Total
Thyroid cancer 26 61 6 3 2 2 34 11 29 87
Benign nodular
goiter 16 84 4 1 0 1 1 52 10 31 100
Graves' disease 30 70 6 1 4 52 6 31 100
Hypothyroidism 120 271 26 9 7 10 5 3 194 30 107 391
Lymphocytic
thyroiditis 43 15 4 3 2 3 24 5 17 58
Total 235 501 46 17 7 14 15 4 356 62 215 736

Counts of variants (N) by type and location are shown. Variant type was determined based on genetic associations reported in the NHGRI-

EBI GWAS catalog (April 2024, version 1.0.2). The variant location was extracted from the ANNOVAR annotation.
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VARIANT DISCOVERY

I. Genome-wide association studies from 19 biobanks in 10 countries

Thyroid Cancer (ThC)
Benign Nodular Goiter (BNG)
Graves’ Disease
Hypothyroidism
Lymphocytic Thyroiditis

Il. Meta-analysis

ThCvs. BNG
FUNCTIONAL INFERENCE _
Ill. Genetic Correlations IV. TWAS V. Gene Expresswn.and
Pathway Analysis
* B FUSION
“H - Elels] . g g THCA-TCGA QRIEN
- 3 S-PrediXcan
& B @ W reactome
Zg ~ Z:IEModel‘g € Gg se(ﬁl)

CLINICAL STUDIES
VI. Polygenic Risk Score

Figure 1. The study design. |. The Virtual Thyroid Biopsy Consortium was formed under the Global Biobank Meta-analysis Initiative. Participating biobanks performed
genome-wide association studies (GWAS) for five thyroid diseases and GWAS of thyroid cancer vs. benign nodule goiters (ThC vs. BNG). Il. Inverse variance-weighted
meta-analysis was done after quality-control procedures. Previously known and novel independent genetic associations were identified. Functional inference studies
included: Ill. Genetic correlation analysis with covariate-adjusted LD score regression. IV. Transcriptome-wide association studies (FUSION and S-PrediXcan), V. Pathway
(KEGG and Reactome), and gene-expression (The Cancer Genome Atlas and ORIEN Avatar) analyses. VI. Polygenic risk scores were developed for thyroid cancer, benign
thyroid diseases, and to distinguish malignant and benign thyroid nodules. VII. Polygenic risk scores were tested for association with thyroid diseases and aggressive thyroid

cancer features extracted from clinical charts and surgical histopathology reports.
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Figure 2. Pleiotropic and phenotype-specific loci associated with thyroid diseases in multi-ancestry GWAS meta-analysis. The heatmap illustrates the
genetic correlation (r?) between thyroid phenotypes, which was estimated using covariate-adjusted LD score regression. The asterisks denote Benjamini-
Hochberg false discovery rate (FDR) <0.05. Circular plots highlight loci significantly associated with thyroid cancer and benign nodular goiter (right), and
autoimmune thyroid diseases (left). Pleiotropic loci are marked by large purple dots. In the circular plot on the right small dots show loci predominantly
associated with thyroid cancer or benign nodular goiter (red or blue respectively). In the circular plot on the left the small red dots depict loci which are
significantly associated with Graves’ disease, but not lymphocytic thyroiditis or primary hypothyroidism. For clarity, only loci significantly associated with Graves
disease are shown on the autoimmune thyroid diseases circular plot. The PTCSC2 (right, yellow) is the only locus inversely associated with thyroid cancer and

benign nodular goiter.
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Figure 3. Thyroid cancer polygenic risk scores. Two thyroid cancer polygenic risk scores (PRS) were developed: PRS+,¢ s ay t0 identify individuals at risk in a population
and PRS+,¢ s gne for clinically relevant task of discriminating malignant and benign thyroid nodules. PRS were tested in the Colorado Center for Personalized Medicine
Biobank (CCPM) population (n = 94,651) and CCPM data was not used for PRS development. PRSy, ¢ s a1 Was derived using PRS-CS method. PRS+¢ s gng Was
calculated using independent significant associations with thyroid cancer and benign nodular goiter. A. Receiver operating characteristic curves. B. Thyroid cancer risk by
PRS decile. C. PRS association with features of aggressive thyroid cancer. * - p-value < 0.05. ** - p-value < 1.7e-3 (Bonferroni-corrected significance threshold).
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Figure 4. Germline genetic susceptibility to thyroid cancer and benign nodular goiter. We hypothesize that two biological processes with distinct genetic

architecture cause thyroid nodules: 1) hyperplasia, a polyclonal follicular cell proliferation with no malignant potential, and 2) neoplasia, a clonal growth driven by somatic

genetic alterations. Neoplastic nodules can be benign or malignant, and the mismatch between biological mechanisms (hyperplasia vs. neoplasia) and GWAS
phenotype definitions (benign and malignant thyroid nodules) caused apparent genetic pleiotropy. Pathway and genes associated with benign nodular goiter but not

thyroid cancer in GWAS meta-analysis (e.qg., insulin-like growth factor 1 [IGF1] and fibroblast growth factor [FGF] signaling pathways) predispose to benign nodules that

have no malignant potential (green). Pathways and genes associated with both benign nodular goiter and thyroid cancer (e.g., telomere maintenance) predispose to

neoplastic thyroid nodules, benign or malignant (orange). In the absence of other genetic risk factors, patients are more likely to develop benign adenomas or low risk
thyroid cancers (blue). Alternatively, genetic alterations in cell cycle and DNA damage response genes (purple, associated predominantly with thyroid cancer but nor
benign nodular goiter in GWAS meta-analysis) predispose to high-risk thyroid cancer.
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Extended Data Figure 1. Virtual Thyroid Biopsy Consortium. The Consortium aggregated
data from 19 biobanks, 10 countries, four continents and ~2.9 million participants.
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Extended Data Figure 2. Thyroid disease meta-analysis case

counts and prevalence across biobanks.
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Extended Data Figure 4. mRNA expression of thyroid cancer-associated
genes in normal thyroid tissue and thyroid cancer. Genes were identified from
ANNOVAR annotations of genome-wide significant variants in thyroid cancer
GWAS meta-analysis and FUSION TWAS cis-eQTL analysis. Dark blue color
shows genes with high expression in normal thyroid tissue (thyroid is among the
top three highest expressing tissues in pan-tissue transcriptome analysis from
NCBI Gene database https://www.ncbi.nlm.nih.gov/gene). Significant associations
(at Bonferroni-corrected p-value < 9.1e-05, red = positive; light blue = negative) of
MRNA expression with high-risk thyroid cancer features such as presence of
somatic BRAF V600E mutation, higher ERK score and lower thyroid differentiation

score.
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Extended Data Figure 5. Scatterplot of effect sizes of the variants in
PTCSC2 locus significantly (p-value < 5e-8) associated with thyroid
cancer and benign nodular goiter. ThC — thyroid cancer. BNG — benign
nodular goiter. p - Spearman correlation.
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performance by ancestry. Area under the receiver operating characteristic curve
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Extended Data Figure 7. Whole genome sequencing data pipeline for the All of Us
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summary data and PGS Catalog were extracted from the Hail variant dataset v7 object.
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Extended Data Figure 9. Post-GWAS quality control workflow diagram. AF — allele
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Extended Data Figure 10. Correlation of major continental ancestry fractions
estimated by Summix2 (y-axis) and published by the Million Veteran Program,
Colorado Center for Personalized Medicine and All of Us Research Program
Biobanks (x-axis). Multi-ancestry GWAS summary data was used for this analysis.
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