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867 Extended Data Fig. 3 Integration of spatial transcriptomics and proteomics in lung cancer. (a) Imaging modalities (H&E and IF)
868 used to guide laser microdissection. Yellow annotations show ROIs used for proteomic profiling. Left: Multiplex
869 immunofluorescence used to locate tumor and stromal niches identified by spatial transcriptomics. H&E staining showing ROls
870 before (middle panel) and after LMD collection (right panel). (b) Boxplot showing the number of identified precursors per sample
871 type. The central lines indicate the median, the box the interquartile range, whiskers extend to (1.5*IQR) of the box (c) Pearson’s
872 correlation heatmap for all analyzed samples, method: "complete", distance metric: "euclidean". (d) Scatterplot comparing fold
873 changes between tumor cells inside and outside the EMT niche, for both spatial proteomics and spatial transcriptomics. (e)
874 Volcano plot showing differentially abundant proteins between tumor cells inside and outside the EMT niche as defined by CosMx
875 spatial transcriptomics. FDA-approved drug targets are highlighted in red. E-Cadherin (CDH1) and Vimentin (VIM) are shown for
876 reference. (f) Heatmap showing clusters of proteins between tumor cells inside the EMT niche, outside the EMT niche, and in the
877 desmoplastic stroma, method: "complete", distance metric: "euclidean". The dot plot shows enriched Hallmarks and
878 WikiPathways pathways for the different clusters using ClusterProfiler R package 7. (g) Dot plot of SLC2A1 expression across all
879 cell types (left) and in tumor cells distributed in different niches (right). Dot size indicates the percentage of gene-expressing cells;
880 color represents average expression (log-normalized and scaled).
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Extended Data Fig. 4 Consistent segmentation across large distances and staining variations. (a) H&E image of the primary TNBC
tissue. (b) H&E image of the relapse TNBC tissue. Both tissues showed minor tissue losses due to cyclic imaging on PPS frame
slides. (c) Nuclear stain overlayed with segmentation mask. These zoom-ins belong to distant regions from the primary TNBC
tissue, areas shown and numbered in plot (a), showing segmentation consistency across entire whole-slide. (d) Zoom-ins of the
primary tissue. The white color shows DAPI as the nuclear counterstain. Bottom image shows segmentation masks coloured by
assigned phenotype labels. (e) Exemplary images for each IF marker used, overlaid with segmentation mask. Colors represent
phenotyped cells for each marker (not for Ki67). (f) Barplots with cellular neighborhood compositions for each sample, showing
the proportion of unclassified cells in grey. Related to Fig. 4g.
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Extended Data Fig. 5, Comparative proteomic performance of complementary DVP strategies.

(a) Rank plots illustrating the dynamic range of identified protein groups across three DVP approaches. Protein groups were
retained if detected in at least five and three valid values for tumor and immune niches, respectively. (b) UpSet plots showing
overlap of protein groups identified by the three DVP approaches. Only protein groups with at least 60% valid values per group
are shown. (c) Heatmap of log, fold-change values between primary and relapse cancer samples for each DVP approach. Protein
groups were stringently filtered to retain features with at least 70% valid values in each DVP approach. Missing values were
imputed from a Gaussian distribution of lower-intensity values (mean shift -1.8, standard deviation 0.3, per feature). Hierarchical
clustering was performed using Euclidean distance and the Ward linkage method. (d) Heatmap of log,-transformed protein
abundances in cancer samples profiled by the DVP and cnDVP approaches. Protein groups were retained if they contained at
least 70% valid values in either the primary or relapse sample group. Missing values were imputed as in (c), and values were z-
scored separately for the DVP and cnDVP approaches. Unsupervised hierarchical clustering was based on Euclidean distance and
the Ward method. (e) Principal component analysis (PCA) of single-cell DVP (scDVP) cancer samples, colored by primary or relapse
status. Protein groups were filtered to retain those with at least 50% valid values in either group (923 protein groups total).
Missing values were imputed as described in (c).
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909 Extended Data Fig. 6, Neighborhood-guided DVP reveals proteomic differences between primary and recurrent TNBC.
910 (a) Boxplot showing proteins and precursors identified per group of cellular neighborhoods. (b) Rankplot showing the dynamic

911 range of protein abundance for each neighborhood. Vimentin (VIM) and RAC2 show the highest abundance in the immune-
912 enriched samples, and IRF6 in tumor-enriched samples. (c) Line plot showing the spread of the mean CV of 1000 bootstrap

913 simulations, repeated across different subset sizes for both samples. Note, plateauing was observed around 30-40 samples. (d)
914 Scatterplot of intra-tissue protein level variability (CV) comparing the primary and relapse sample. Only samples of the tumor-
915 specific CNO were used analysis. Note, the primary tumor showed overall higher proteome variability. (e) Boxplots showing
916 intragroup spearman correlation between cancer only samples for the three DVP approaches scDVP, DVP, and cnDVP. Protein
917 groups are shown with at least 70% valid values for each sample group (primary or relapse) and approach (DVP, scDVP and
918 cnDVP). P-values were calculated with a two-sided independent t-test. (f) Barplot of enriched cell type signatures between the
919 primary and relapse sample. Only samples of the immune enriched CN6 were used for analysis. Breast cancer-specific cell type
920 signatures were obtained from publicly available scRNAseq data described in Wu et al. 6. Note, the primary sample showed
921 higher T cell signatures (e.g., CD4+, CD8+), whereas the relapsed immune niche featured higher myeloid/macrophage scores. For

922 boxplots in (a),(d), and (e) the central lines indicate the median, the box the interquartile range, whiskers extend to (1.5*IQR) of

923 the box
924
925
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