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Figure S1. Gene expression signatures of metastasis versus paired primary, by cancer type. Related to STAR Methods. (a) 

Across eight cancer types represented in our paired metastasis and primary compendium dataset, heat map of differential t-statistics 

(paired t-test on log-transformed data), by cancer type, comparing metastasis versus paired primary (red, higher expression in 

metastasis; white, not significant with p > 0.05), for 11652 genes significant for any cancer type (p<0.01). (b) Significance of 

enrichment (by one-sided Fisher’s exact test) for selected GO terms with the respective sets of genes higher or lower in metastasis 

versus paired primary (p<0.01, paired t-test) for each cancer type represented. (c) A likely confounder with the above metastasis 

versus primary expression patterns would involve differences in non-cancer cells between the primary site and the metastasis biopsy 

site (e.g., comparing breast versus non-breast tissues within the breast cancer dataset). Here, we used the GTEX dataset1 to compare 

normal tissues of a given type with the rest of the normal tissue profiles, based on analysis of 11688 tissues. We then evaluated the 

overall enrichment pattern of each metastasis-associated gene set (from part a, using p<0.05) within each GTEX-based normal tissue 

differential profile (by rank sum statistic). Entries in the correlation matrix corresponding to the same tissue type between GTEX and 

patient metastasis compendium are highlighted in yellow. For three cancer types (breast, colorectal, and kidney), genes up in 

metastasis are anti-enriched within the corresponding normal tissues and genes down in metastasis are enriched within normal tissues. 

With breast cancer, for example, this can reflect that the metastasis sample biopsy has more non-breast cells and less breast cells as 

compared to the primary sample biopsy. The genes arising from the above metastasis versus primary paired comparisons were not 

used as the basis for defining our PDX-based molecular subtypes. 

  





 

Figure S2. Determining the number of pan-cancer metastasis subtypes. (a) Pan-cancer molecular subtyping of tumor metastases 

based on TCGA-based subtypes. Pan-cancer molecular subtypes were previously defined using The Cancer Genome Atlas (TCGA) 

datasets2. Gene expression profiles of PDX tumors and patient tumor metastases in our compendium datasets were each classified 

according to TCGA-based subtype c1 through c10. Expression patterns for the previously-defined top set of 854 mRNAs 

distinguishing between the ten TCGA-based subtypes2 are shown for TCGA, PDX, and patient tumor metastases datasets. TCGA 

subtype-specific expression patterns across the datasets are highlighted. SD, standard deviations from the median within a given 

dataset and within cancer type. See part b for color coding. (b) Expression-based subtyping of patient tumor metastases resulted in 

subtypes that would be confounded with tissue biopsy site. Consensus ward linkage hierarchical clustering identified k = 10 subtypes 

represented in our patient tumor metastasis compendium of 2405 metastasis samples. Differential expression patterns for the top 2000 

most variable genes used in the clustering are represented. Also represented are genes higher (p<0.05, t-test on log2-transformed 

expression data) in normal liver versus other tissues, based on analysis of the GTex dataset1. As seen here, the k7 subtype was highly 

enriched for metastases sampled from the liver and was strongly associated with liver-specific genes. Also, the k9 subtype was 

enriched (p<1E-6, one-sided Fisher’s exact test) for samples from lung, and the k3 subtype was enriched for samples from the lymph 

node. Problematic results such as the above led us to utilize expression data from PDX models in our final analysis, where the 

contribution of non-cancer cells would be much less of a factor. For expression heat map, SD represents standard deviations from the 

median within a given cancer type and within a given dataset. (c) For the patient tumor metastasis compendium dataset, the 

significance of overlap between the patient tumor metastasis-based subtype assignments (from part a) and the final PDX-based 

subtype assignments used in the final study (from main Figure 1) is indicated. P-values by one-sided Fisher’s exact test. Some overlap 

between the respective assignments is observed, though the final PDX-based subtyping results could be considered the cleaner 

solution that avoided subtypes strongly associated with biopsy site. (d) Determination of pan-cancer subtypes using the PDX 

compendium dataset. Consensus ward linkage hierarchical clustering identified k = 2 to k = 15 subtypes, based on the 2371 tumors in 

our PDX compendium dataset. The significance of overlap of previously identified pan-cancer subtypes based on TCGA cohort 

predominantly representing primary cancer2 (c1-c10, rows) with subtypes obtained from the PDX compendium dataset. Subtype 

solutions from 6 subtypes to 10 subtypes are represented here. P-values by one-sided Fisher’s exact test. We expected perhaps ten or 

fewer subtypes, based on previous studies2-4 (given that subtypes representing immune or stroma infiltration would not be represented 

in the PDX-based subtypes). Beyond a 7-subtype solution, additional subtypes identified did not encapsulate the previous subtypes 

and were not well represented in both GEO and PDXNet/PDMR compendium subsets. The 7-subtype solution was therefore selected 



and explored further below. (e) Across the 2371 PDX tumor expression profiles, differential expression patterns for the set of 2000 

genes used to define the original subtypes (left) and for another set of 800 genes (right) found to best distinguish between the 

respective subtypes in the final 4-subtype solution (top ~200 over-expressed mRNAs for each subtype). Expression values are 

normalized within each given cancer type and each given dataset (SD, standard deviation from the median within a given cancer type 

within a given dataset). On the left, the 7-subtype solution from consensus ward linkage hierarchical clustering (part c) is considered, 

where subtypes 5, 6, and 7 are almost entirely represented in either GEO datasets or the PDXNet/PDMR subsets but not both. In 

contrast, we believed that robust subtype associations should involve multiple datasets. Therefore, we reclassified the profiles in k 

subtypes 5-7 according to the best fit among subtypes 1-4 to arrive at the final 4-subtype solution (s1 through s4), represented on the 

right. (f) Left, association of molecular subtype (s1-s4) with metastasis biopsy site; right, association of molecular subtype with cancer 

type by tissue of origin, based on the patient metastasis compendium dataset. Overall, strong associations are not observed here, 

except for s1 subtype significantly associating with colorectal tumors (though not exclusive to this cancer type). Of the 695 colorectal 

metastasis samples in the patient metastasis compendium, 586 were biopsied from the liver (Data File S1). The enrichment of s1 for 

colorectal tumors would therefore largely explain the more moderate association of s1 with liver biopsy site. Related to Figure 1. 



 

Figure S3. Differential expression patterns associated with PDX-based molecular subtypes are attributable to the cancer cells, 

not the host. (a) Sequencing reads were aligned to both human and mouse genomes for two of the RNA-seq datasets represented in 

our PDX compendium (GSE1189425 and GSE1597026). For these two datasets, expression patterns for the top set of 800 subtype-

specific mRNAs distinguishing between the four PDX-based subtypes (from Figure 1a) are shown for both the expression data from 

human genome alignments (left) and the expression data from mouse genome alignments (right). The subtype-specific differential 

expression patterns are observed here in the version of the dataset based on human genome alignments but not in the version based on 

mouse genome alignments, indicating that the patterns are specific to the human cells of the tumor and not the mouse cells of the host. 



(b) For each of the four subtypes, boxplots of the log2 read counts for the top 100 associated genes (from Figure 1a) based on human 

versus mouse alignments. On average, the log2 read counts are much higher for human than for mouse. (c) For each of the four 

subtypes, boxplots of the differential t-statistics (comparing for each subtype the average expression levels versus the rest of the 

tumors by t-test) for the top 100 associated genes (from Figure 1a) based on human versus mouse alignments. Consistent with the heat 

map representation in part a, the results from the human alignments but not the results from the mouse alignments show statistical 

significance within the GSE118942/GSE159702 combined dataset. Box plots represent 5% (lower whisker), 25% (lower box), 50% 

(median), 75% (upper box), and 95% (upper whisker). The above results based on RNA-seq alignments are consistent with analogous 

experiments previously carried out using expression arrays7,8, which would be relevant for the expression datasets in the PDX 

compendium based on array platform. Related to Figure 1. 

 



 



Figure S4. Observation of PDX-based molecular subtypes at the proteomic level. (a) The 287 TCGA tumors with mass 

spectrometry-based proteomic data from the Clinical Proteomic Tumor Analysis Consortium (CPTAC)3 were classified according to 

PDX-based molecular subtype (Figure 1a). Expression patterns for a top set of 754 genes distinguishing between the four molecular 

subtypes based on the PDX transcriptomic compendium dataset (based on available proteomic data from the top 800 mRNAs from 

Figure 1a) are shown for both the TCGA mRNA dataset (left) and the TCGA proteomic dataset (right). Tumor profiles in both 

datasets are ordered by PDX-based subtype as assigned using mRNA data. Subtype-specific signature patterns high in each subtype by 

mRNA data are highlighted. (b) For the TCGA tumors with mass spectrometry-based proteomic data, the significance of overlap of 

the s1-s4 PDX-based subtypes as assigned based on mRNA data (rows) and on mass spectrometry-based proteomic data (columns). 

Enrichment p-values by one-sided Fisher’s exact test. (c) The 7206 TCGA tumors with reverse-phase protein array (RPPA) data were 

classified according to PDX-based molecular subtype (from Figure 1a). Expression patterns for a top set of 129 genes distinguishing 

between the four molecular subtypes based on the PDX transcriptomic compendium dataset (see the section “Methods”, based on 

available data) are shown for both the TCGA mRNA dataset (left) and the TCGA RPPA proteomic dataset (right). Tumor profiles in 

both datasets are ordered by PDX-based subtype as assigned using mRNA data. Subtype-specific signature patterns high in each 

subtype by mRNA data are highlighted. (d) For the TCGA tumors with RPPA data, the significance of overlap of the s1-s4 PDX-

based subtypes as assigned based on mRNA data (rows) and on RPPA data (columns). Enrichment p-values by one-sided Fisher’s 

exact test. The limitations of the proteomics-based analyses would include more limited proteomic data availability on tumors 

compared to mRNA and the fact that mRNA and protein levels do not highly correlate across tumors3. Despite these limitations, 

significant levels of concordance are observed here between the mRNA-based subtyping and the protein-based subtyping (parts b and 

d). (e) Observation of PDX-based molecular subtypes at the proteomic level in cancer cell lines. The 922 cell lines with both mRNA 

data and mass spectrometry-based proteomic data 9 were classified according to PDX-based molecular subtype (from Figure 1a). 

Expression patterns for a top set of 694 mRNA distinguishing between the four molecular subtypes based on the PDX transcriptomic 

compendium dataset (based on available proteomic data from the top 800 mRNAs from Figure 1a) are shown for both the mRNA 

dataset (left) and the proteomic dataset (right). Cell line profiles in both datasets are ordered by PDX-based subtype as assigned using 

mRNA data. Subtype-specific signature patterns high in each subtype by mRNA data are highlighted. (f) For the 922 cell lines, the 

significance of overlap of the s1-s4 PDX-based subtypes as assigned based on mRNA data (rows) and on mass spectrometry-based 

proteomic data (columns). Enrichment p-values by one-sided Fisher’s exact test. Related to Figure 1. 



 

  



Figure S5. Additional information involving paired metastasis-primary comparisons (a) Expression changes in immune cell 

markers involving the s4 subtype. For the patient tumor metastases compendium dataset, the heat map shows differential patterns for 

key genes representing immune cell markers4. On the right are the corresponding gene-level t-statistics (by t-test), comparing tumors 

in the given subtype with the rest of the tumors. Most of these markers tend to be highest in the s4 subtype. (b) For the 307 patient 

tumor metastasis expression profiles for which expression profiles for the paired primary were available, both the primary and the 

metastasis were classified for the PDX-based subtypes (Figure 2c). The expression heat map represents the immune cell marker 

expression patterns of the tumor metastases in relation to the patterns for the corresponding paired primary tumors. In many instances, 

subtype switching events in patient metastases could be associated with expression changes in immune cell markers involving the s4 

subtype. These patterns are highlighted, for example, in the heat maps in part b showing the average differential expression patterns in 

the paired primary versus paired metastasis samples. (c) Subtype-specific gene expression differences overlap highly with metastasis 

versus paired primary differences, focusing on the genes under-expressed by subtype. Schematic of gene set comparisons. For each 

PDX-based subtype, the set of genes low within that subtype versus the rest of the PDX tumors were overlapped with the set of genes 

low in patient metastases of the same PDX-based subtype versus the corresponding paired primaries. A set of 1459 genes involve 

significant gene set overlaps (p<1E-10, one-sided Fisher’s exact test) between PDX comparisons and paired patient metastasis 

comparisons for the same subtype, involving all four subtypes. (d) Significance of overlap between the genes low within each of the 

PDX-based subtypes (using t-test p<0.01, based on analysis of PDX compendium) and the genes low within paired patient metastasis 

versus primary within each subtype (p<0.01, paired t-test, based on analysis of the patient tumor metastasis compendium). P-values by 

one-sided Fisher’s exact test. From these results, a set of 1459 genes involve significant gene set overlap (p<0.0001) for the same 

subtypes (e.g., 319 overlapping s1-s1 genes, 359 s2-s2 genes, etc.). (e) Differential expression patterns for the top set of 1459 genes 

involving significant gene set overlaps for any of the four PDX-based subtypes are shown across the PDX compendium dataset 

(differential expression relative to other tumors), patient tumor metastases compendium dataset (relative to other tumor metastases), 

and patient tumor metastasis versus paired primary compendium dataset (relative to primary pair). Subtype-specific expression 

patterns are highlighted. Related to Figure 3. 

 



 



Figure S6. Differential expression patterns involving key genes in specific pathways. For PDX and patient tumor metastases 

compendium datasets, heat maps show differential patterns for key genes of interest highlighted elsewhere (e.g., genes in pathways 

highlighted in Figure 6). On the right are the corresponding gene-level t-statistics (by t-test), comparing tumors in the given subtype 

with the rest of the tumors. Related to Figure 6. 

  



 

Figure S7. Lineage-specific gene expression patterns involving TFs with associations by subtype. (a) Top TF associations by 

subtype, taken from Figure 4b. The differential expression statistics by PDX-based subtype are represented for the top set of 35 TFs 

with both significant overlap between the TF-bound genes and genes over-expressed in the expression subtype and significantly 

higher or lower levels of the TF gene in that same subtype (both PDX and patient metastasis compendium datasets). (b) For the TF 

genes in part a, the corresponding differential expression patterns in the PDXNet dataset. The PDXNet dataset is normalized in two 



ways: by cross-tissue normalization (top, values normalized to standard deviations from the median across all tumors) and within-

tissue normalization (bottom, values normalized within each cancer type to standard deviations from the median). (c) Similar to part b, 

representing the TCGA pan-cancer dataset as normalized in the two different ways. We used the within-tissue normalization approach 

to compile our compendium expression datasets and the downstream analyses. By design, tissue-specific or lineage-specific 

expression differences are removed by within-tissue normalization, allowing us to identify pan-cancer subtypes that would transcend 

tissue- or cell-of-origin. The PDXNet and TCGA datasets feature cancers of various types profiled uniformly on a common platform, 

allowing us to examine expression patterns by cross-tissue normalization. With cross-tissue normalization, lineage-specific TF gene 

expression patterns can be observed. As intended, within-tissue normalization allows us to identify uniform differential patterns within 

a given pan-cancer subtype. Related to Figure 4. 
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