Supplementary Methods 
[bookmark: _heading=h.vkg45ud02dwd]scRNA-seq data preprocessing and quality control
Raw sequencing reads were aligned to the GRCh38 human reference genome (Gencode v36) using Cell Ranger Single cell Software Suite (v5.0.1) provided by 10X Genomics. Empty droplets were identified and removed with the emptyDrops function from the DropletUtils R package (v1.14.2) [1, 2] using a false discovery rate threshold of 0.01. For each cell, the proportion of UMIs mapping to mitochondrial genes was computed with the PercentageFeatureSet function in Seurat (v4.0.4) [3]. Low-quality cells were excluded if they had fewer than 1,000 detected UMIs or more than 30% of UMIs derived from mitochondrial genes.
After quality control, cells from all 18 patients were combined into a unified UMI count matrix and processed using Seurat. Counts were normalized, highly variable genes (HVGs; n = 2,000) were identified using the Seurat's FindVariableFeatures function, and the expression matrix was scaled. Principal component analysis (PCA) was then performed, and batch effects across patients were corrected using Harmony (v1.0) [4], treating each patient as an independent batch. The top 10 Harmony-corrected principal components (PCs), guided by visual inspection of the elbow plot, were used to construct a UMAP embedding for visualization.
This preprocessing provided an integrated single-cell transcriptomic landscape across all patients. Lineage-specific analyses (lymphoid cells, myeloid cells, epithelial cells, endothelial cells, and fibroblasts) were subsequently performed with independent HVG selection, PCA, and Harmony correction, as detailed in the following section. 
Cell type annotation and subclustering analysis
Cell types, subtypes and states were annotated using a hierarchical, cluster-level strategy combining iterative subclustering, lineage-specific preprocessing, and evaluation of curated marker gene expression and gene set scores. The numbers of HVGs, dimensions of Harmony-corrected embeddings, and clustering resolutions were not fixed a priori; instead, we adaptively tuned these parameters at each subclustering step according to subset size and variance structure. In practice, we used typical ranges of approximately 500–3,000 HVGs (step size 500), 5–20 PCs as input for Harmony batch correction (step size 5), and clustering resolutions between 0.1 and 1.0 (step size 0.1), selecting parameters that produced plausible clusters while avoiding over-fragmentation of small subsets. 
Initial lineage assignment: Using the global Harmony‑corrected embedding derived from all cells, we identified major lineages based on canonical markers curated from published lung atlases [5-8] (Fig. S2E). Clusters were assigned to a lineage if they expressed lineage-specific markers and lacked markers from unrelated lineages. For example, clusters expressing immune markers (PTPRC), epithelial markers (EPCAM, KRT18, KRT19), fibroblast markers (COL1A1, COL1A2, PDGFRA) or endothelial markers (PECAM1, CLDN5) were assigned to the corresponding lineage. These markers are representative examples; the full canonical marker sets are listed in Table S3, some of which were derived from the reference lung atlases [6-8]. We cross‑validated these assignments using the CellTypist classifier (v1.0.0) [9, 10] with a model pretrained on a previously published lung atlas [8], ensuring consistency between manual and predicted cell type annotations.
Lineage‑specific preprocessing (subclustering):  For each major lineage (lymphoid cells, myeloid cells, epithelial cells, endothelial cells and fibroblasts), we subsetted the corresponding cells and independently reprocessed the data. This involved recomputing to identify HVGs, scaling the expression matrix, running PCA, correcting for patient‑specific batch effects with Harmony, and reclustering. UMAP embeddings were generated from the resulting Harmony‑corrected embeddings. By repeating these steps separately within each lineage, clustering was driven by features capturing the transcriptional variability specific to that lineage, rather than by global HVGs. Final annotations were derived from these lineage‑specific clusters rather than from the global embedding.
Cluster‑level refinement and validation: Within each lineage‑specific cluster, we identified differentially expressed genes and compared them against curated markers (Table S3) and gene signatures from lung atlas studies [6-8]. Signature scores were computed on normalized expression matrices and evaluated per cluster to confirm coherent enrichment of expected programs. Clusters were annotated only when both marker expression and signature scores supported a given identity. A comprehensive list of marker genes and gene signatures used in this process is provided in Table S3.
· Lymphoid compartment
B cells: B-cell clusters included naïve-like B cells (B.SELL: SELL), memory B cells (B.CD38: CD38), plasma cells (PRDM1, SDC1), and proliferating plasmablasts (SDC1, MKI67). These identities were supported by cluster-specific markers and validated with B cell-subtype gene signatures [11].
T cells: We substted T‑cell clusters and excluded non‑CD4/CD8 lineages such as γδ T cells (TRDC, TRGC1/2), regulatory T cells (FOXP3, IL2RA) and NK/NKT cells. The NK/NKT population was defined by NK marker expression (e.g., NKG7, KLRB1 and KLRD1) together with the absence of CD4 and CD8 expression relative to clusters annotated as CD4⁺ or CD8⁺ T cells. The remaining T cells were processed with lineage‑specific HVG selection, scaling, PCA, Harmony batch correction and reclustering. To distinguish CD4⁺ and CD8⁺ populations, we primarily relied on CD4 and CD8 expression; other T‑cell receptor chain genes (TRAC, TRBC1, TRBC2, CD3D, CD3E and CD3G) are expressed in both lineages and were therefore not used for this split. We note that some CD8⁺ T cells initially clustered with CD4⁺ T cells due to shared transcriptional programs (such as naïve-state markers like CCR7 and SELL). These minor populations were iteratively reassigned to the CD8 subclustering dataset to ensure accurate lineage grouping. Within the resulting CD4⁺ and CD8⁺ subsets, functional states were annotated based on canonical markers (Table S3): naïve‑like cells expressed CCR7, TCF7, SELL and IL7R; cytotoxic cells expressed PRF1, GZMA and GZMB; and dysfunctional/exhausted cells showed high PDCD1, LAG3, CTLA4, TIGIT and HAVCR2. For CD8⁺ T cells we additionally identified a pre-dysfunctional state characterised by GZMK expression and reduced expression of cytotoxic and exhausiton state markers. Cluster-level signature scores were computed using curated naïve-like, activation, cytotoxic, interferon-stimulated, pre-dysfunctional, and exhausted gene sets [12, 13]. Clusters were annotated only when they showed the expected high/low marker expression pattern (high expression of state-defining genes and low expression of irrelevant cell type- or state-specific markers), together with concordant enrichment of the corresponding gene signature, and each CD4/CD8 T-cell subtype showed coherent enrichment for its corresponding signature (Fig. 2A,B and S3C, S3F, S3G).
· Myeloid compartment
Dendritic cell clusters included plasmacytoid DCs (pDC: LILRA4, TCF7), type 1 classical DCs (cDC1: XCR1), type 2 classical DCs (cDC2: FCER1A), and mature migratory DCs (FSCN1, LAMP3, CCR7). These identities were supported by cluster-specific markers and validated with DC-subtype gene signatures derived from established reference studies [14]. 
Monocytes and Macrophages: We isolated monocyte and macrophage clusters using subset-specific HVG selection, scaling, PCA, Harmony batch correction and reclustering. Monocytes were subdivided into classical monocytes (CD14, FCN1, VCAN) and non-classical monocytes (FCGR3A). Macrophage subtype annotation was guided by recently characterized tumor microenvironment-associated subtypes from previous studies [6, 15], with additional subtype-specific markers derived from relevant literature (Table S3). Macrophage heterogeneity was resolved based on these literature-derived marker gene sets: alveolar macrophages expressed PPARG and FABP4; CXCL9⁺ macrophages, associated with T cell-recruiting and immune-stimulatory TAM states, expressed CXCL9 [16-18]; SELENOP⁺ macrophages expressed SELENOP [19-21]; canonical SPP1⁺ TAMs expressed TREM2 and SPP1 [6, 20, 22]; and a GPNMB-high SPP1⁺ TAM subset, previously linked to immunosuppressive macrophage states [23-25], co-expressed TREM2, SPP1 and GPNMB. Following subtype annotation, functional characterization of macrophage populations was performed using signature scores derived from prior studies [6, 15], with the corresponding reference studies listed in Table S3.
Other myeloid populations included mast cells (CPA3, MS4A2), neutrophils (S100A8, S100A9, CSF3R), and proliferating myeloid cells (CSF1R or CSF3R with MKI67, TOP2A).
[bookmark: _heading=h.6gc6g1vhnkj2]Pathway and gene set signature scoring
To quantify pathway activity and cell-state programs, we computed signature scores for curated gene sets representing epithelial, immune, and metabolic processes. Gene sets were obtained from several established resources.
For immune cell states, T-cell signatures covering naïve, activation/effector, exhausted, and IFN-stimulated programs for both CD4⁺ and CD8⁺ lineages were curated from Chu et al. [12], with the pre-dysfunctional CD8⁺ T-cell signature derived from van der Leun et al. [13]. For myeloid cells, macrophage-specific gene modules, including M1-like, M2-like, phagocytic, anti-inflammatory, pro-inflammatory, angiogenic, and MHC class II programs, were compiled from Luo et al. [6]. Positive regulation of cholesterol efflux and IL-6/JAK/STAT3 signaling gene sets were obtained from MSigDB v7.5 [26, 27]. 
For epithelial cell analysis, pathway activity was assessed using Hallmark gene sets from MSigDB, including epithelial-mesenchymal transition (EMT), hypoxia, G2M checkpoint, glycolysis, MYC targets (v1 and v2), and reactive oxygen species (ROS). Cell cycle signatures were obtained from REACTOME and KEGG collections. The alveolar type II (AT2) differentiation program was derived from Han et al. [5]. 
[bookmark: _heading=h.kowpax5asj6i]Senescence-associated gene sets were obtained from Saul et al. [28]. Full gene sources for all signatures are provided in Table S3.
Signature scores were computed per cell using the Seurat's AddModuleScore function, which calculates the average expression of signature genes relative to control genes. Scores were z-score normalized across all cells prior to visualization and statistical analysis.
Identification of cancer cells 
To identify cancer cells, we applied the Numbat R package (v1.3.3) [29] to epithelial cells on a per-patient basis. A normal reference expression profile was generated based on non-malignant lung samples from the external scRNA-seq dataset of Salcher et al. [7], aggregating counts with the aggregate_counts function in Numbat. For each patient, run_numbat was performed with this reference to infer single-cell copy number variations (CNVs) and tumor phylogenetic trees. Cells were classified as malignant or non-malignant based on the Numbat output. Epithelial cells predicted as non-malignant were excluded from downstream cancer cell analysis.
[bookmark: _heading=h.5krerwvrf7zr]Classification of histological subtypes based on cancer cell transcriptomes
To evaluate how well cancer cell transcriptomic profiles discriminate histological subtypes, we implemented two complementary linear classification frameworks: a three-class classifier (A/P, A/P+Solid, Solid) and a binary classifier (A/P vs. Solid). Both models were trained on patient-level pseudobulk profiles derived from scRNA-seq of cancer cells. To prevent data leakage, all preprocessing steps–including HVG selection at the single-cell level, pseudobulk generation, normalization, scaling, PCA, and feature selection–were performed iteratively and strictly within each cross-validation fold using only the training set, with the held-out sample excluded throughout the entire pipeline.
Sample inclusion: Because KNUCH11 displayed a markedly divergent transcriptomic profile compared with the other Solid samples (Fig. 6A), it was excluded from classifier training. For the three-class classifier, cancer epithelial cells from the remaining 14 patients (6 A/P, 5 A/P+Solid, 3 Solid) were used. For the binary classifier, only A/P (n = 6) and Solid (n = 3) samples were included.
Pseudobulk generation and feature extraction: Within each leave-one-out cross-validation (LOOCV) fold, the following steps were performed using only the training patients. First, 2,000 HVGs were identified from the single-cell transcriptomes of cancer cells using the pp.highly_variable_genes function (Seurat v3 flavor) from the Scanpy Python package (v1.9.3) [30]. UMI counts from cancer cells were then aggregated per patient to generate pseudobulk profiles across the whole transcriptome. Pseudobulk counts were normalized to counts per million (CPM) and log-transformed (logCPM), and the expression matrix was subset to the previously identified HVGs. The HVG-subset matrix was subsequently scaled (z-score) and subjected to PCA. Finally, the 100 genes with the highest absolute PC1 loadings were selected as features for the classifier model, since PC1 represented the major axis of variation separating histologic subtypes in both classifier settings (Fig. S9B). For evaluation, the held-out patient's data were processed independently: pseudobulk profiles were generated, normalized to logCPM, subset to the selected PC1-associated top 100 genes, scaled using training set parameters, and fed into the classifier trained on the training data.
Three-class classifier (A/P, A/P+Solid, Solid): We built a multinomial logistic regression model using scikit-learn with patient-level LOOCV. In each fold, the model was fitted on all but one patient and evaluated on the held-out patient. This yielded a macro-F1 score of 0.79, indicating that a simple linear model is sufficient to capture subtype-associated transcriptomic structure in the pseudobulk space (Fig. S9C).
Binary classifier (A/P vs. Solid): To enable application to external TCGA bulk RNA-seq data, we trained a binary logistic regression model (A/P vs. Solid) using the same evaluation strategy (patient-level LOOCV). This achieved a macro-F1 score of 1.00, demonstrating complete separation between A/P and Solid tumors (Fig. S9C).
External validation on TCGA LUAD: We applied the binary classifier to TCGA LUAD bulk RNA-seq data. Histological labels for A/P and Solid cases were independently re-reviewed by a pathologist (J.Y.J.), as the A/P+Solid category is not annotated in TCGA. The classifier achieved a macro-F1 score of 0.72 (Fig. S9C). Among 263 A/P cases, 240 were predicted as A/P and 23 as Solid, whereas among 193 Solid cases, 102 were predicted as Solid and 91 as A/P. Although performance for Solid tumors was modest, this likely reflects both the limited number of Solid tumors in our training cohort and the heterogeneous, mixed-cell composition of bulk RNA-seq compared with our purified cancer-cell-specific pseudobulk samples. Nevertheless, the model retained good sensitivity for A/P-specific transcriptional programs in an independent dataset.
Transcriptomic (Bimodality) and clonal heterogeneity estimation
To estimate transcriptomic heterogeneity within cancer cells, we computed the bimodality index (BI) from the normalized expression matrix restricted to the top 5,000 HVGs (Fig. 7A). For each gene, we fit a two-component Gaussian mixture model using the GaussianMixture function from scikit-learn (v1.7.2; https://scikit-learn.org/stable/) [31]. The BI, originally proposed by Wang et al. [32], quantifies how strongly a gene’s expression distribution departs from unimodality when modeled as a mixture of two normal components with means μ₁ and μ₂, a shared standard deviation σ, and mixture weights w₁ and w₂ (w₁ + w₂ = 1). We first computed the standardized separation between components as δ = |μ₁ − μ₂| / σ and defined π as the smaller mixture weight, π = min(w₁, w₂). The bimodality index was then calculated as 
BI = δ × . In this framework, larger BI values indicate more pronounced bimodal expression patterns, reflecting higher transcriptional heterogeneity.
Clonal heterogeneity score
To summarize clonal complexity at the tumor level, we derived a clonal heterogeneity score from the patient-specific phylogenetic trees inferred by Numbat (Gao et al., Nat Biotechnol 2023 [29]). Motivated by evolutionary models that represent tumors as branched clonal trees with varying depth, diversification, and imbalance (McGranahan & Swanton, Cell 2017 [33] ; Watkins & Schwarz, Cold Spring Harb Perspect Med 2018 [34]), and by recent work that combines multiple tree-derived features to characterize evolutionary states and clonal complexity (Myers et al., Cell Syst 2019 [35]; Lahtinen et al., Cancer Cell 2023 [36]), we focused on three complementary aspects of tree structure: phylogenetic tree depth, subclone diversity, and branching inequality. These metrics were then combined into a single composite score used in Fig. 7B.
- Tree depth: For each tumor, tree depth was defined as the maximum of the shortest-path distances from the inferred root of the clonal tree to all other nodes, computed using igraph::distances from the igraph R package [37-39]. The root was operationally defined as the vertex with the highest out-degree in the Numbat mutation graph. This metric captures the degree of evolutionary layering within the tumor, i.e., how many successive branching events separate the most divergent subclones from the ancestral clone.
- Subclone diversity: Subclone diversity was quantified as the number of distinct subclone labels present in the tree, using the clone vertex attribute in the Numbat output. This measure represents the richness of discrete subclonal lineages identified within each tumor.
- Branching inequality: Branching inequality was measured as the Gini coefficient of the node-degree distribution, calculated with the ineq R package (https://cran.r-project.org/package=ineq). Node degree was obtained with igraph::degree and corresponds to the total degree of each vertex (sum of incoming and outgoing edges). The resulting Gini coefficient summarizes how unevenly branching events are distributed across the tree, with higher values indicating that a small subset of nodes accounts for a disproportionate share of connections. 
- Clonal heterogeneity score: For comparability across tumors, tree depth and subclone diversity were min–max normalized within the cohort, whereas branching inequality, quantified by the Gini coefficient (naturally bounded between 0 and 1), was used without further transformation. The clonal heterogeneity score for each tumor was then defined as the product of these three quantities (normalized tree depth * normalized subclone diversity * branching inequality), providing a single summary measure of phylogenetic complexity based on the Numbat-inferred clonal tree. 
Group-wise comparisons across LUAD histologic subtypes were visualized as boxplots, and statistical significance was assessed using ANOVA followed by Tukey’s Honest Significant Difference tests.
[bookmark: _heading=h.4fev6pm8dvu2]SCENIC analysis
Gene regulatory network (GRN) analysis was performed using pySCENIC (v0.12.1) [40, 41]. For each major cell lineage, co-expression networks between transcription factors (TFs) and candidate target genes were inferred from lineage-specific UMI count matrices with a curated list of human TFs obtained from the pySCENIC resource (https://github.com/aertslab/pySCENIC/tree/master/resources). Candidate regulons were then refined by motif enrichment analysis using cisTarget resources provieded by Aerts Lab (https://resources.aertslab.org/cistarget/), retaining only motif-supported TF-target interactions. Finally, regulon activity was quantified per cell using AUCell [40], which computes an AUC-based enrichment score for each regulon based on ranked gene expression. The resulting AUCell scores were used for downstream analyses.
[bookmark: _heading=h.f077kz6r3ppc]Trajectory inference
To predict cellular trajectories of cell state transitions within cancer cells, we inferred velocities using the CellDancer Python package (v1.1.7) [42]. For each sample, spliced and unspliced counts were quantified using Velocyto (v0.17.17) [43] with the run module. Outputs from all samples were aggregated, and the spliced and unspliced count matrices were normalized and log-transformed using the pp.filter_and_normalize function (n_top_genes = 1,000) in Scanpy. Batch correction was performed using the pp.harmony_integrate function. Neighborhood moments were computed using pp.moments (n_pcs = 20, n_neighbors = 30), followed by velocity estimation with the velocity function in CellDancer. The resulting velocity vectors were projected onto the embedding space using the compute_cell_velocity function (projection_neighbor_choice = "gene", projection_neighbor_size = 200).
To identify dynamically expressed genes along differentiation trajectories, pseudotime was estimated using the Monocle3 R package (v1.0.0) [44]. Harmony-corrected embeddings were used as input to construct a UMAP embedding, after which cluster_cells and learn_graph were applied with default parameters. Cell with the highest expression of canonical AT2 marker was selected as root cell and supplied to the order_cells function to define pseudotime. Differentially expressed genes along the pseudotime trajectory were identified using graph_test, and genes with q_value < 0.01 and Moran's I > 0.15 were considered dynamically regulated. 
[bookmark: _heading=h.w2mnfe5p57pk]GSEA between HMGA1High and HMGA1Low LUAD cell Lines
RNA-seq data for LUAD cell lines were obtained from the Cancer Cell Line Encyclopedia (CCLE; DepMap release 24Q2; https://depmap.org/portal/data_page/?tab=allData), including raw read counts and TPM-normalized expression matrices. Cell line metadata were retrieved from Model.csv and OmicsProfiles.csv files to harmonize sample identifiers and molecular annotations. Only cell lines annotated as "LUAD" in the DepMapModelType field were retained for downstream analyses.
To evaluate transcriptional programs associated with HMGA1 expression, LUAD cell lines were stratified into two groups based on HMGA1 TPM values: HMGA1High (expression above the cohort median) and HMGA1Low (expression at or below the median). Differential gene expression between these two groups was assessed using the DESeq2 R package (v1.34.0) [45]. For gene set enrichment analysis (GSEA) [26], genes were ranked by –log10(P-value) * sign(log2FC), where the P-values and log2 fold changes (FC) were taken from the DESeq2 differential expression results. This ranking incorporates both the statistical significance and the direction of differential expression.
Gene sets were obtained from MSigDB (v7.5.1) using the msigdbr R package (v7.4.1; https://igordot.github.io/msigdbr/), including KEGG, BIOCARTA, REACTOME, HALLMARK, and Gene Ontology Biological Process (GOBP) collections. GSEA was performed using the GSEA function from the clusterProfiler R package (v4.2.2) [46, 47]. For each pathway, we extracted the normalized enrichment score (NES) and considered pathways significantly enriched at an adjusted P-value < 0.05. Significantly enriched HALLMARK pathways were further analyzed and visualized. Ranked lollipop plots were generated to display the top HALLMARK pathways, with point size proportional to –log10(Adjusted P-value) and point color indicating the NES. Pathways with positive NES values were interpreted as enriched in the HMGA1High group, whereas those with negative NES values were interpreted as enriched in the HMGA1Low group.
[bookmark: _heading=h.q6sqxag1mzo2]Intercellular interaction analysis
Intercellular ligand–receptor interactions were inferred using the MultiNicheNet R package (v1.0.3) [48]. Prior to analysis, low-abundance cell types and cycling cell states were excluded. Cell types with fewer than 30 cells in more than 75% of samples within a histologic subtype were excluded. For each interaction analysis, only samples containing all required cell types were included. For example, in Fig. 8E, which focuses on interactions between cancer cells and alveolar macrophages (Mac.PPARG), only samples with detectable Mac.PPARG populations were analyzed, resulting in the exclusion of KNUCH11. 
MultiNicheNet was applied in three steps. First, get_abundance_expression_info was used to compute mean expression and fraction of expressing cells for each gene and sample, with each patient assigned as sample_id and histologic subtype as group_id. Second, pseudobulk differential expression analysis was performed using get_DE_info to identify differentially expressed genes prior to ligand–receptor inference. Third, ligand activity was estimated using get_ligand_activities_targets_DEgenes with the following parameters: logFC_threshold = 0.50, p_val_threshold = 0.05, fraction_cutoff = 0.05, p_val_adj = TRUE and top_n_target = 250. Finally, generate_prioritization_tables was used to prioritize ligand–receptor pairs and their corresponding sender–receiver interactions based on ligand activity scores.
[bookmark: _heading=h.9jrssjad3pn8]Spatial transcriptomics data preprocessing
Raw FASTQ files and H&E images from 10X Visium were processed using SpaceRanger (v2.1.0) provided by 10X Genomics, with reads aligned to the reference genome consistent with that used for scRNA-seq. The resulting spot-by-gene count matrices were imported into Scanpy for downstream analysis. Highly variable genes (HVGs) were identified using pp.highly_variable_genes (flavor = "seurat_v3", n_top_genes = 1,000). Counts were normalized usingpp.normalize_total (target_sum = 1e4) and log-transformed using pp.log1p.
[bookmark: _heading=h.4w9ii0r3ymt4]Spatial domains were identified with the STAGATE Python package (v1.0.1) [49]. A spatial adjacency graph was constructed via STAGATE.Cal_Spatial_Net (rad_cutoff = 500). Latent embeddings were learned through the STAGATE model, and a neighborhood graph was built with pp.neighbors (rep = "STAGATE"). Spatial clusters were obtained with STAGATE.mclust_R (use_obsm = "STAGATE"). The number of spatial clusters was determined empirically on a per-sample basis to reflect the observed histologic architecture and transcriptomic variation, rather than enforcing a uniform cluster number across tissues. For KNUCH22 (A/P group), Cell2location maps and CytoTRACE scores indicated a relatively homogeneous distribution of Group 1 (A/P-like) cancer cells across most of the section, with only a small edge-localized domain showing divergent patterns; therefore, k = 5 was selected to capture the main spatial structure without over-fragmenting the tissue. In contrast, KNUCH23 (solid group with ~20% solid component) showed clear spatial heterogeneity, with distinct domains enriched for Group 1/CytoTRACE-low versus Group 2–3/CytoTRACE-high cancer cell states; therefore, k = 7 was used to resolve these transcriptionally distinct regions. Spatial clustering was used to partition each section into interpretable domains; cluster numbers were not treated as a quantitative metric and were not directly compared between samples.
Spot deconvolution of spatial transcriptomics data 
Cell type abundance per 10X Visium spot was inferred using the Cell2location Python package (v0.1.3) [50]. Reference cell type expression signatures were estimated from our scRNA-seq data of 18 treatment-naïve LUAD patients using the negative binomial regression model implemented in the RegressionModel function. These reference signatures were supplied to the spatial model, and the posterior abundance of each cell type at each spatial spot was obtained via the export_posterior function.
[bookmark: _heading=h.3n5cusbe7t8k]Ligand-Receptor interactions in spatial transcriptomics data 
To predict ligand–receptor interaction signaling on spatial transcriptomics data, we used the CellChat R package (v2.1.2) [51]. Spatial domain labels derived from STAGATE clustering were supplied to CellChat as group annotations, and the CellChatDB.human database was used as the ligand–receptor (L–R) interaction reference. Significantly overexpressed L–R genes across spatial domains were identified via the identifyOverExpressedGenes function. Communication probabilities between spatial domains were computed using computeCommunProb (type = "truncatedMean") with default parameters for other options. Pathway-level communication probabilities were estimated using computeCommunProbPathway with default settings. The resulting signaling networks were visualized using netVisual_aggregate (layout = "spatial").
[bookmark: _heading=h.nelo7coglwnq]Cellular differentiation level prediction
Cellular differentiation states for scRNA-seq and 10X Visium spatial gene expression data were predicted using the CytoTRACE R package (v0.3.3) [52]. 
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