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Supplementary Table 1. Top DEGs from global annotation from snRNA-seq.
	Cell type
	gene
	avg_log2FC
	pct.1
	pct.2
	p_val
	p_val_adj
	
	Cell type
	gene
	avg_log2FC
	pct.1
	pct.2
	p_val
	p_val_adj

	Epithelial
	TG
	5.199
	0.82
	0.122
	0
	0
	
	Myeloid
	SLC8A1
	4.220
	0.774
	0.042
	0
	0

	Epithelial
	TSHR
	4.854
	0.891
	0.037
	0
	0
	
	Myeloid
	ZEB2
	3.571
	0.728
	0.055
	0
	0

	Epithelial
	SLA
	4.376
	0.691
	0.213
	0
	0
	
	Myeloid
	DOCK4
	3.328
	0.768
	0.118
	0
	0

	Epithelial
	PAX8
	3.947
	0.922
	0.046
	0
	0
	
	Myeloid
	SLC11A1
	3.171
	0.416
	0.01
	0
	0

	Epithelial
	PCSK2
	3.747
	0.497
	0.011
	0
	0
	
	Myeloid
	MRC1
	3.077
	0.452
	0.011
	0
	0

	Epithelial
	KAZN
	3.231
	0.596
	0.061
	0
	0
	
	Myeloid
	CSF2RA
	3.075
	0.534
	0.009
	0
	0

	Epithelial
	FRMD3
	3.167
	0.722
	0.065
	0
	0
	
	Myeloid
	SLC16A10
	3.014
	0.479
	0.105
	0
	0

	Epithelial
	TENM1
	3.102
	0.679
	0.02
	0
	0
	
	Myeloid
	RBPJ
	2.997
	0.642
	0.26
	0
	0

	Epithelial
	DOCK3
	3.067
	0.8
	0.039
	0
	0
	
	Myeloid
	VCAN
	2.954
	0.321
	0.041
	0
	0

	Epithelial
	LINC01789
	2.914
	0.295
	0.004
	0
	0
	
	Myeloid
	NAMPT
	2.837
	0.579
	0.138
	0
	0

	Epithelial
	AC007262.2
	2.909
	0.716
	0.028
	0
	0
	
	Myeloid
	PLXDC2
	2.821
	0.795
	0.431
	0
	0

	Epithelial
	SLC25A29
	2.898
	0.749
	0.056
	0
	0
	
	Myeloid
	CD74
	2.804
	0.74
	0.223
	0
	0

	Epithelial
	LMO3
	2.893
	0.689
	0.013
	0
	0
	
	Myeloid
	GLUL
	2.790
	0.56
	0.095
	0
	0

	Epithelial
	SLC26A7
	2.873
	0.501
	0.009
	0
	0
	
	Myeloid
	RAPGEF1
	2.771
	0.723
	0.164
	0
	0

	Epithelial
	KCNJ16
	2.800
	0.615
	0.008
	0
	0
	
	Myeloid
	KYNU
	2.766
	0.521
	0.011
	0
	0

	Epithelial
	UNC5C
	2.667
	0.738
	0.055
	0
	0
	
	Myeloid
	DAPK1
	2.740
	0.554
	0.049
	0
	0

	Epithelial
	MGAT4C
	2.651
	0.631
	0.013
	0
	0
	
	Myeloid
	HLA-DRA
	2.738
	0.58
	0.096
	0
	0

	Epithelial
	HMGA2
	2.637
	0.67
	0.087
	0
	0
	
	Myeloid
	SRGN
	2.716
	0.545
	0.047
	0
	0

	Epithelial
	DANT2
	2.635
	0.795
	0.049
	0
	0
	
	Myeloid
	TYMP
	2.663
	0.567
	0.072
	0
	0

	Epithelial
	NAV2
	2.603
	0.84
	0.122
	0
	0
	
	Myeloid
	ABCA1
	2.662
	0.624
	0.189
	0
	0

	T&NK
	PTPRC
	3.954
	0.857
	0.051
	0
	0
	
	Fibroblast
	EBF1
	4.148
	0.722
	0.012
	0
	0

	T&NK
	SKAP1
	3.902
	0.769
	0.048
	0
	0
	
	Fibroblast
	COL3A1
	4.048
	0.741
	0.035
	0
	0

	T&NK
	ARHGAP15
	3.646
	0.774
	0.049
	0
	0
	
	Fibroblast
	COL1A2
	4.043
	0.78
	0.069
	0
	0

	T&NK
	CD247
	3.357
	0.543
	0.012
	0
	0
	
	Fibroblast
	COL6A3
	4.032
	0.748
	0.018
	0
	0

	T&NK
	HLA-A
	3.274
	0.641
	0.168
	0
	0
	
	Fibroblast
	COL5A2
	3.919
	0.769
	0.06
	0
	0

	T&NK
	CD2
	3.272
	0.552
	0.006
	0
	0
	
	Fibroblast
	CCDC102B
	3.890
	0.567
	0.063
	0
	0

	T&NK
	THEMIS
	3.222
	0.436
	0.004
	0
	0
	
	Fibroblast
	POSTN
	3.726
	0.558
	0.039
	0
	0

	T&NK
	HLA-B
	3.199
	0.689
	0.186
	0
	0
	
	Fibroblast
	LHFPL6
	3.571
	0.582
	0.029
	0
	0

	T&NK
	SLFN12L
	3.189
	0.55
	0.012
	0
	0
	
	Fibroblast
	CALD1
	3.563
	0.931
	0.364
	0
	0

	T&NK
	IKZF1
	3.149
	0.596
	0.027
	0
	0
	
	Fibroblast
	TSHZ2
	3.549
	0.659
	0.035
	0
	0

	T&NK
	PDE3B
	3.139
	0.447
	0.023
	0
	0
	
	Fibroblast
	PDGFRB
	3.446
	0.636
	0.004
	0
	0

	T&NK
	IL32
	3.130
	0.391
	0.025
	0
	0
	
	Fibroblast
	SULF1
	3.420
	0.62
	0.101
	0
	0

	T&NK
	HSP90AA1
	3.111
	0.479
	0.232
	0
	0
	
	Fibroblast
	PDE3A
	3.346
	0.605
	0.008
	0
	0

	T&NK
	PPP1R16B
	3.040
	0.484
	0.014
	0
	0
	
	Fibroblast
	GPC6
	3.299
	0.579
	0.114
	0
	0

	T&NK
	ANKRD44
	3.022
	0.755
	0.154
	0
	0
	
	Fibroblast
	IGFBP7
	3.292
	0.7
	0.049
	0
	0

	T&NK
	C15orf53
	3.011
	0.264
	0.013
	0
	0
	
	Fibroblast
	CARMN
	3.235
	0.551
	0.002
	0
	0

	T&NK
	CD96
	2.990
	0.529
	0.057
	0
	0
	
	Fibroblast
	PRRX1
	3.234
	0.669
	0.009
	0
	0

	T&NK
	TOX
	2.981
	0.449
	0.035
	0
	0
	
	Fibroblast
	COL11A1
	3.199
	0.281
	0.01
	0
	0

	T&NK
	LINC01934
	2.978
	0.353
	0.008
	0
	0
	
	Fibroblast
	COL1A1
	3.193
	0.674
	0.092
	0
	0

	T&NK
	B2M
	2.947
	0.827
	0.447
	0
	0
	
	Fibroblast
	CACNA1C
	3.186
	0.669
	0.048
	0
	0

	Endothelial
	LDB2
	5.134
	0.931
	0.031
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	FLT1
	4.636
	0.754
	0.016
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	CALCRL
	4.534
	0.809
	0.026
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	PLCB1
	4.431
	0.887
	0.056
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	GRB10
	4.307
	0.855
	0.053
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	TCF4
	3.907
	0.896
	0.141
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	CDH13
	3.513
	0.67
	0.047
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	PLPP1
	3.454
	0.591
	0.125
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	INSR
	3.409
	0.812
	0.334
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	CACNA1C
	3.370
	0.632
	0.055
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	HSPG2
	3.342
	0.744
	0.076
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	EGFL7
	3.337
	0.702
	0.005
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	PDE4D
	3.314
	0.881
	0.25
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	PTPRB
	3.285
	0.715
	0.015
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	RAPGEF4
	3.252
	0.65
	0.013
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	COL4A2
	3.251
	0.769
	0.076
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	HECW2
	3.240
	0.63
	0.026
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	SLCO2A1
	3.218
	0.495
	0.036
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	EMCN
	3.185
	0.603
	0.007
	0
	0
	
	
	
	
	
	
	
	

	Endothelial
	PCDH17
	3.166
	0.506
	0.002
	0
	0
	
	
	
	
	
	
	
	



Differential expression analysis was performed using Seurat FindAllMarkers with the MAST test. Columns indicate cell type, gene symbol, average log2 fold change (avg_log2FC), percentage of expressing cells in the given cell type (pct.1) and in all other cells (pct.2), nominal P value (p_val), and Bonferroni-adjusted P value (p_val_adj).

Supplementary Table 2. Sample processing overview with pathology and mutation
[image: ]
Details each thyroid cancer sample's data construction, pathological classification, and driving mutation status. The double-dagger marked (††) samples contain differentiated tumor regions alongside ATC. non-AG: non-aggressive subtype; AG: aggressive subtype; HG: high-grade subtype; PTC: papillary thyroid cancer; FTC: follicular thyroid cancer; HGDTC: High-grade differentiated thyroid carcinoma; ATC: anaplastic thyroid cancer; -B: BRAFV600E mutation; -R: RAS mutation.
Supplementary methods

1. Public dataset collection and processing of single cell RNA-seq (scRNA-seq)
Publicly available scRNA-seq datasets (GSE134355[1], GSE148673[2], GSE158291[3], GSE163203[4], GSE184362[5], GSE191288[6], GSE193581[7], GSE210347[8], GSE232237[9]) were integrated to construct an integrated single-nucleus RNA (snRNA) and scRNA dataset. Low-quality cells were filtered using the Seurat package (v4.3.0.1)[10] as described above. To mitigate batch effects arising from multiple studies and sequencing platform difference, we utilized STACAS (v2.2.0)[11] with Run.STACAS function. Following batch correction, cell dimensionality was reduced using Run.UMAP function in Seurat package. 
 Two datasets (GSE193581 and GSE210347) were annotated with global cell types using the scGATE R package (v1.6.2)[12]. Samples derived from normal thyroid tissue were labeled ‘Normal,’ while those from adjacent thyroid carcinoma tissue were labeled ‘Adj.’ Cell type references from our snRNA-seq data were used to refine and confirm these annotations, ensuring consistency across all samples in this study.

2. Variance component analysis using linear mixed-effects modeling
To quantify the relative contributions of patient-to-patient variability and method-related variability to cell type proportions across the four cancer groups (PTC-B, ATC-B, FTC-R, and ATC-R), we employed a linear mixed-effects modeling approach. Specifically, we fit a separate linear mixed model for each cell type using the lmer() function from lme4 R package(v1.1)[13], treating both patient and data source (snRNA-seq, WTS, Visium, and GeoMx) as random effects. Variance components were extracted from each fitted model using the VarCorr() function, and 95% confidence intervals were estimated for these variance components. The extracted values were then used to generate bar plots depicting the fraction of total variance attributable to patient-related and data source–related variability, allowing us to assess whether observed differences were driven primarily by biological heterogeneity or technical factors.

3. CNV detection in 10x Visium data
Ploidy was inferred from Visium spatial transcriptomics data using the SPATA2 R package (v3.1.0)[14], focusing on chromosome arm–level CNVs. First, raw expression ratios (or log fold changes) were computed for each chromosome arm. These values were then centered around 1, and the absolute deviations from 1 were calculated. Specifically, each chromosome arm’s expression ratio was transformed with abs for all samples, and the resulting values were summed per spot to yield a cumulative CNV score. This score served as a proxy for ploidy alterations, reflecting the degree of genomic instability. 

4. Classification of epithelial cells with the thyroid cancer specific public tool
To categorize thyroid epithelial cells into distinct tumor subtypes, we employed the scTypeTC package (v0.1.0) developed by Lina Lu et al[7]. First, an epithelial-only subset was derived from the snRNA-seq dataset based on established epithelial marker genes. Next, the scTypeTC() function was applied to these epithelial cells using a multinomial-lasso model, as recommended by the original study. This model assigns cells to one of four major thyroid tumor subtypes—normal thyroid follicular cells (TFC), stress-responsive PTC cells (PTC1), inflammatory ATC cells (ATC1), and mesenchymal ATC cells (ATC2)—or classifies them as undefined if the prediction confidence is below a specified threshold. 

5. Cell–Cell communication validation in 10x Visium
To evaluate intercellular communication across distinct tumor regions in relation to pathological annotations, we employed the CellChat R package (v1.6.1)[15]. Tumor regions were first annotated based on pathological assessment to confirm morphological and clinical features. Subsequently, gene expression data from each region were aggregated and processed through the CellChat pipeline, which identifies statistically significant ligand–receptor interactions and computes communication probabilities. These probabilities were validated by correlating interaction strength with pathological annotations, providing biological context for the observed signaling events.
Network diagrams were generated to visualize the total interaction strength among the annotated tumor regions. Each node corresponds to a specific region, and the edges between nodes represent the magnitude of intercellular communication, with thicker edges indicating stronger interactions. The top-enriched signaling networks were identified via CellChat’s pathway enrichment analysis.

6. Validation with TMA-based Visium Dataset
Two independent TMA cores were obtained from the same hospital and patient cohort, following the identical IRB protocols described in the main methods. Spatial transcriptomics was performed using the 10x Genomics Visium platform. Raw sequencing data were processed via the Space Ranger pipeline (https://www.10xgenomics.com/support/software/space-ranger/latest) and aligned to the GRCh38 reference genome for spot identification and gene expression quantification.
Spatial Analysis To quantify cell-cell co-localization and niche interactions, we utilized the Stopover (v1.1.2) tool[16]. This independent dataset was used to validate the spatial circuits and ligand-receptor networks identified in the primary cohort, ensuring the robustness of our findings in ATC-R regions.
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image1.png
Sample information Data processing

Sample BRAFVSE  RAS Spatial Spatial
name Pathology mutation  mutation SnRNA WTS wes (Visium)  (GeoMx)
TH-01 PTC, classic (PTC-B, non-AG) V600E WT o o o - -
TH-02 PTC, classic (PTC-B, non-AG) V600E WT o o o - -

PTC, tall cell subtype
TH-03 (PTC-B, AG) V600E WT o o o - -
PTC, tall cell subtype

TH-04 (PTC-B, AG) V600E WT o o o - -
TH-05 HGDTC (PTC-B, HG) V600E WT o o o - -
TH-06 HGDTC (PTC-B, HG) V600E WT o o o - -
TH-07 ATC (ATC-B)

(SP-1T)  (co-exist with PTC in SP-1) VE00E wr 0 0 0 0 -
TH-08 ATC (ATC-B)

(SP-2t)  (co-existwith PTC in sP-2)  VB00E wr 0 0 0 0 -

FTC, minimally invasive
TH-09 (FTC—R, non-AG) WT HQ61K o o o - -
FTC, minimally invasive

TH-10 (FTC-R, non-AG) WT HQ61K o o o - -
TH-11 HGDTC (FTC-R, HG) WT NQ61R o o o - -
TH-12 HGDTC (FTC-R, HG) WT NQ61R o o o - -
TH-13 HGDTC (FTC-R, HG) WT NQ61R o o o - -
TH-14 ATC (ATC-R) WT HQ61R o o o - -
TH-15 ATC (ATC-R) WT NQ61R o o o - -
TH-16 ATC (ATC-R) WT NQ61R o o o - -
SpP-3ft ATC, co-exist with FTC WT HQ61K - - - o -
TH-17 PTC (PTC-B) V600E WT - - - - (o}
TH-18 HGDTC (PTC-B, HG) V600E WT - - - - (o}

ATC, co-exist with PTC
_19tt ’ - - - -
TH-19 (ATC—B and PTC-B) V600E WT (o}
ATC, co-exist with PTC
_oott ’ - - - -
TH-20 (ATC—B and PTC-B) V600E WT (o}
ATC, co-exist with PTC
211t ’ - - - -

TH-21 (ATC—B and PTC-B) V600E WT (o}
TH-22 ATC (ATC-B) V600E WT - - - - (o}
TH-23 ATC (ATC-B) V600E WT - - - - (o}
TH-24 ATC (ATC-B) V600E WT - - - - (o}
TH-25 ATC (ATC-B) V600E WT - - - - 0
TH-26 ATC (ATC-B) V600E WT - - - - (o}
TH-27 HGDTC (FTC-R, HG) WT NQ61R - - - - (o}

ATC, co-exist with HGDTC
_ogtt ' - - - -

TH-28 (ATC—R and FTC—R) WT HQ61R (o}
TH-29 ATC (ATC-R) WT NQ61R - - - - (o}
TH-30 ATC (ATC-R) WT NQ61R - - - - (o}
TH-31 ATC (ATC-R) WT NQ61R - - - - (o}

Details each thyroid cancer sample's data construction, pathological classification, and driving
mutation status. The double-dagger marked (11) samples contain differentiated tumor regions
alongside ATC. non-AG: non-aggressive subtype; AG: aggressive subtype; HG: high-grade subtype;
PTC: papillary thyroid cancer; FTC: follicular thyroid cancer; HGDTC: High-grade differentiated
thyroid carcinoma; ATC: anaplastic thyroid cancer; -B: BRAFV60E mutation; -R: RAS mutation.
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                                       Data processing Sample information Spatial ( GeoMx ) Spatial ( Visium ) WGS WTS snRNA RAS mutation  BRAF  V600E mutation Pathology Sample name - - O O O WT V600E  PTC, classic (PTC – B, non -  AG) TH - 01 - - O O O WT V600E  PTC, classic (PTC – B, non -  AG) TH - 02 - - O O O WT V600E PTC, tall cell subtype  (PTC – B, AG) TH - 03 - - O O O WT V600E PTC, tall cell subtype  (PTC – B, AG) TH - 04 - - O O O WT V600E HGDTC (PTC – B, HG) TH - 05 - - O O O WT V600E HGDTC (PTC – B, HG) TH - 06 - O O O O WT V600E ATC (ATC – B) (co - exist with PTC in SP - 1) TH - 07  (SP - 1 ††  ) - O O O O WT V600E ATC (ATC – B) (co - exist with PTC in SP - 2) TH - 08  (SP - 2 ††  ) - - O O O HQ61K WT FTC, minimally invasive (FTC – R,  non - AG ) TH - 09 - - O O O HQ61K WT FTC, minimally invasive (FTC – R, non - AG) TH - 10 - - O O O NQ61R WT HGDTC (FTC – R, HG) TH - 11 - - O O O NQ61R WT HGDTC (FTC – R, HG) TH - 12 - - O O O NQ61R WT HGDTC (FTC – R, HG) TH - 13 - - O O O HQ61R WT ATC (ATC – R) TH - 14 - - O O O NQ61R WT ATC (ATC – R) TH - 15 - - O O O NQ61R WT ATC (ATC – R) TH - 16 - O - - - HQ61K WT ATC, c o - exist with FTC SP - 3 †† O - - - - WT V600E PTC (PTC – B) TH - 17 O - - - - WT V600E HGDTC (PTC – B, HG) TH - 18 O - - - - WT V600E ATC, co - exist with PTC (ATC – B and PTC – B)  TH - 19 †† O - - - - WT V600E ATC, co - exist with PTC (ATC – B and PTC – B)  TH - 20 †† O - - - - WT V600E ATC, co - exist with PTC (ATC – B and PTC – B)  TH - 21 †† O - - - - WT V600E ATC (ATC – B) TH - 22 O - - - - WT V600E ATC (ATC – B) TH - 23 O - - - - WT V600E ATC (ATC – B) TH - 24 O - - - - WT V600E ATC (ATC – B) TH - 25 O - - - - WT V600E ATC (ATC – B) TH - 26 O - - - - NQ61R WT HGDTC (FTC – R, HG) TH - 27 O - - - - HQ61R WT ATC, co - exist with HGDTC (ATC – R and FTC – R)  TH - 28 †† O - - - - NQ61R WT ATC (ATC – R) TH - 29 O - - - - NQ61R WT ATC (ATC – R) TH - 30 O - - - - NQ61R WT ATC (ATC – R) TH - 31 Details each thyroid cancer sample's data construction, pathological classification, and driving  mutation status. The double - dagger marked (††) samples contain differentiated tumor regions  alongside ATC. non - AG : non - aggressive subtype; AG: aggressive subtype; HG: high - grade subtype ;  PTC: papillary thyroid cancer; FTC: follicular thyroid cancer; HGDTC: High - grade differentiated  thyroid carcinoma; ATC: anaplastic thyroid cancer;  - B:  BRAF V600E mutation; - R:  RAS mutation.  


