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Preparation of materials and slides before laser microdissection 

All experimental instruments and materials were disinfected by autoclaving or ultraviolet 

irradiation, and the work surface was wiped with RNase solution. After the samples were removed 

from liquid nitrogen, they were quickly embedded in precooled OCT compound and allowed to 

solidify in the chamber of the Leica cryostat (-20°C). Continuous sections were cut at a thickness of 

10 μm and fixed on 4-μm PEN membrane slides (Leica 11600288, presoaked in absolute ethanol for 

30 minutes and naturally air-dried). The tissue sections were subsequently treated with 95% ethanol, 

followed by hematoxylin staining, differentiation, reverse blue staining, eosin staining, and gradient 

ethanol dehydration. All steps involved intermittent rinsing with DEPC-treated water. Before the 

subsequent experimental steps, the slides were naturally air-dried. Fresh reagents were used for each 

experiment, and all water solutions were reconfigured using newly opened DEPC-treated water. 

 

Batch effect removal and data quality control 

With respect to the Smart-Seq2 data, to eliminate the influence of batch effects on gene expression 

levels, we applied the ComBat function from the R software package sva to adjust the original count, 

TPM, and FPKM expression matrices. During the adjustment process, the pathological structure was 

retained as a known biological covariate, and the experimental batch was treated as a nuisance 

covariate for removal. 

For the single-nuclear RNA sequencing (snRNA-seq) data, the analyses were performed using 

the Seurat R package1. We first used DoubletFinder2 to calculate and remove double cells for each 

individual sample and then merged the matrices and set thresholds consisting of the UMI count, 

number of expressed genes, and percentage of mitochondrial gene count to remove low-quality cell 

nuclei. We subsequently standardized the data using the SCTransform method and corrected the 

mitochondrial gene content and cell cycle effects. Then, based on 3000 highly variable genes, we 

integrated multiple samples to eliminate batch effects. We performed PCA linear dimensionality 

reduction and selected the first 30 principal components based on the elbow rule for UMAP 

visualization and cell clustering. Finally, we conducted unsupervised clustering using the FindClusters 

function and identified cell subpopulations using cell type marker genes. 

For the ST data, we performed strict data quality control for each sample independently and used 

SCTransform for standardization. Based on the principal component analysis for dimensionality 
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reduction, and followed by the selection of an appropriate resolution for clustering, the spot clusters 

were finally mapped back to the corresponding hematoxylin and eosin (H&E)-stained images 

according to their spatial coordinates. Spots were defined by observing the characteristic 

histopathological morphology. 

 

Similarity analysis 

To explore the similarities in the transcriptomes between different samples or pathological 

structures, we performed a correlation analysis. For the Smart-Seq2 data, we calculated the correlation 

coefficient matrix for all tumor samples pairwise. This analysis was based on the log2(TPM + 1) 

expression matrix after batch correction, covering all expressed genes. 

For snRNA-seq and ST data, to make comparisons at the population level, we first calculated the 

average gene expression profiles of each cell cluster. We subsequently selected the 1000 genes with 

the greatest expression variability across all cell clusters and constructed a Spearman correlation 

coefficient matrix for pairwise comparisons of cell clusters based on this gene set. 

 

Spatial colocalization analysis 

Additionally, based on the proportion data of pathological features obtained from robust cell type 

decomposition analysis3, we further evaluated the spatial colocalization between paired cell types by 

using the bivariate Moran's I analysis. For each pair of cell types, we extracted the feature scores 

corresponding to all spatial points and constructed a spatial weight matrix based on the spatial distance 

to define the neighborhood relationship. The statistical significance of Moran's I was evaluated through 

permutation tests. All analyses were completed using the MERINGUE R package4. A positive and 

significant Moran's I (I_AB > 0, p < 0.05) indicated spatial colocalization between the two cell types. 

 

Differential gene expression and enrichment analysis 

With respect to the Smart-Seq2 data, based on the batch-corrected combat-count matrix, we used 

the DESeq25 and edgeR6,7 packages to conduct pairwise screening of differentially expressed genes 

(DEGs). For the snRNA-seq and spatial transcriptomic (ST) data, the FindAllMarkers function in 

Seurat was used to identify the DEGs in each cell cluster that were different from those in other clusters. 

All methods used a filtering threshold of a log2FC absolute value greater than or equal to 1 and an 
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adjusted p value (padj) less than 0.05. 

We performed functional enrichment analysis based on the list of differentially expressed 

upregulated genes using the screened DEGs and conducted gene set enrichment analysis (GSEA) using 

the log2FC values of all genes as the sorting indicator. Both analyses were conducted for the signature 

gene sets of MSigDB and were implemented by the clusterProfiler R package8,9. Additionally, we 

submitted the differentially expressed upregulated genes of specific subgroups to the Metascape online 

platform for comprehensive analyses, including transcription factor target enrichment and protein–

protein interaction (PPI) network construction10. 

 

Identification of high-confidence differentially expressed genes through multiple comparative 

intersection 

With respect to the Smart-Seq2 data, to identify more conservative and stable gene expression 

patterns and biological processes with specific pathological structures, we performed intergroup 

comparisons between structures (such as WC vs. PE, WC vs. SR, and WC vs. CE). The resulting lists 

of these DEGs were subjected to a multiple intersection procedure to extract a high-confidence set of 

DEGs, which were subsequently used for functional enrichment analysis. 

 

Gene set variation analysis 

We downloaded five core gene sets, namely, KEGG, GO, WikiPathways, Reactome, and 

Hallmark, from the MSigDB database and processed them into the required format for analysis using 

the msigdbr R package. For the data obtained from the snRNA-seq, we used the average expression 

function in the Seurat package, taking the data from the RNA assay as input, to calculate the average 

expression levels of genes within each cell cluster of different pathological structures, after which the 

results were used as the input matrix for gene set variation analysis (GSVA). The GSVA R package 

was subsequently used to calculate the pathway enrichment scores for gene sets11, and the resulting 

scores were visualized using the pheatmap package to demonstrate the differences in pathway activity 

among different pathological structures. 

 

Weighted gene coexpression network analysis 

We performed weighted gene co-expression network analysis (WGCNA) using the batch-
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corrected log2(FPKM + 1) expression matrix from Smart-Seq212. We constructed a network through 

an automatic one-step method and identified gene modules with highly coordinated expression patterns 

among samples. Each gene module has a set of characteristic genes, and we subsequently screened out 

the modules significantly related to key biological traits by calculating the correlation between the 

modules and pathological structures. To elucidate the biological functions of these co-expression 

modules, we performed GO, KEGG, WikiPathways, and Reactome pathway enrichment analyses on 

all genes within each significant module as inputs to systematically reveal the potential biological 

processes, molecular functions, and signaling pathways represented by the modules. 

 

Score of functional gene sets 

For the data obtained by Smart-Seq2, the log2(TPM + 1) transformation and ComBat batch-

corrected expression matrix were used as inputs. The gene set enrichment scores were calculated 

separately using the GSVA and ssGSEA algorithms (with kcdf = “Gaussian”). We subsequently 

performed hierarchical clustering and constructed heatmaps based on the obtained enrichment score 

matrices according to the experimental groups. With respect to the snRNA-seq data, to evaluate the 

activity of specific gene sets in different pathological features, we used the AddModuleScore function 

in the Seurat package to calculate the functional scores of each cell, after which the differences in this 

functional score among different pathological structures were visualized and compared through violin 

plots. 

 

Effect sizes of AddModuleScore analysis 

Pairwise comparisons were performed using the Wilcoxon rank-sum test, and p values were 

calculated via Monte Carlo simulation with 10,000 replicates. Effect size r was derived from the 

standardized statistic Z using the formula:  

 

N is the total number of observations in the two groups. p values were adjusted for multiple 

comparisons using the Benjamini–Hochberg false discovery rate (FDR) method. 

 

 

r = 
𝑍

√𝑁
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Cell-cell communication 

We used CellPhoneDB (v4.0.0) to infer the communication between cell subpopulations13. By 

using Scissor-mapped pathological feature subpopulations and the standardized expression matrix as 

the input, we conducted inference following the standard statistical analysis methods of the tool. The 

significant intercellular ligand–receptor interactions were visualized by the ktplots R package. 

 

Copy number variation analysis 

To identify copy number variations (CNVs) across different pathologies, we used the inferCNV 

algorithm with various lymphoid and myeloid immune cells (or pituitary cells) with normal diploid 

characteristics as references to analyze the snRNA-seq data. We systematically inferred the 

chromosomal copy number abnormalities present in each epithelial subset. 

 

Transcription factor analysis 

In the Python environment, we used the decoupleR package to infer the specific transcription 

factor activity of each cell cluster14. We constructed an experimentally validated transcription factor–

target gene regulatory network from the COLLECTRI database. We subsequently estimated the 

activity score of each transcription factor in each cell using the ulm algorithm based on the single-cell 

gene expression matrix. Finally, through the analysis of intergroup differential activity, we identified 

the significantly activated transcription factors in each cell cluster and compared their activity and 

mRNA expression patterns through multipanel visualization. For each transcription factor, we 

generated a combined graph, including its activity and expression distribution in the UMAP space and 

the activity and expression violin plots in each cell cluster. 

 

Temporal analysis 

To systematically analyze the differentiation dynamics of pathological epithelial cell 

subpopulations, we integrated multiple computational methods. First, on the basis of the original RNA 

count matrix, the CytoTRACE algorithm was used to assess the developmental potential of the Scissor-

mapped pathological subpopulations, and the degree of developmental potential of each subpopulation 

was compared through box plots15. 

On this basis, we used Monocle2 to infer cell trajectories, using the highly variable genes selected 
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by SCTransform as the characteristic gene set to construct a pseudotime developmental path16. Based 

on the results of CytoTRACE, we used the high-potential progenitor cell subpopulations as the root 

point of the trajectory and further conducted GO enrichment analysis on the differentially expressed 

genes in the branches to reveal the key biological processes involved in cell fate differentiation. 

Finally, to explore in depth the coordinated regulatory networks during state transitions, we jointly 

applied the Monocle317 and high-dimensional WGCNA (hdWGCNA) methods18, using the 

pseudotime generated by Monocle3 as the phenotypic input to construct a weighted gene coexpression 

network, identifying the gene modules that were specifically activated during evolution from the root 

subpopulation to other pathological features. Through functional enrichment and visualization of the 

pseudotime expression of genes in this module, we systematically elucidated the core transcriptional 

program driving the early pathological structural differentiation transformation of epithelial cells. 

 

RNA velocity analysis 

To elucidate the differentiation dynamics among pathological structures, we performed an RNA 

velocity analysis based on snRNA-seq data19. By processing the BAM files generated by Cell Ranger 

using Velocyto, we obtained information on the unspliced and spliced transcriptomes of genes. The 

scVelo tool was subsequently used to infer the future state of each cell, and the calculated rate vectors 

were projected onto the UMAP dimensionality-reduced space in the form of a flow field, thereby 

visualizing the potential direction of cell differentiation. 
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