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SUMMARY

We present an integromic analysis of gene alterations that modulate transforming growth factor β 
(TGF-β)-Smad–mediated signaling in 9,125 tumor samples across 33 cancer types in The Cancer 

Genome Atlas (TCGA). Focusing on genes that encode mediators and regulators of TGF-β 
signaling, we found at least one genomic alteration (mutation, homozygous deletion, or 

amplification) in 39% of samples, with highest frequencies in gastrointestinal cancers. We 

identified mutation hotspots in genes that encode TGF-β ligands (BMP5), receptors (TGFBR2, 

AVCR2A, BMPR2), and Smads (SMAD2, SMAD4). Alterations in the TGF-β superfamily 

correlated positively with expression of metastasis-associated genes and with decreased survival. 

Correlation analyses showed the contributions of mutation, amplification, deletion, DNA 

methylation, and miRNA expression to transcriptional activity of TGF-β signaling in each cancer 

type. This study provides a broad molecular perspective relevant for future functional and 

therapeutic studies of the diverse cancer pathways mediated by the TGF-β superfamily.
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eTOC Blurb

To date there are no studies of the TGF-β superfamily of signaling pathways across multiple 

cancers. This study represents a key starting point for unraveling the role of this complex 

superfamily in 33 divergent cancer types from over 9,000 patients.

Graphical Abstract

Keywords

TGF-β; TGF-β pathway; mutation; mutation hotspot; cancer; PanCancer; The Cancer Genome 
Atlas (TCGA); DNA methylation; microRNA; transcription

INTRODUCTION

The TGF-β superfamily of ligands activates Smad proteins to regulate transcription and 

control cell proliferation and differentiation. The TGF-β pathways are context-dependent 

signal transduction cascades that can promote seemingly contradictory cell processes, 

including promotion of differentiation and tumor growth, inhibition of cell proliferation, 

suppression of immune response, and maintenance of stem cell homeostasis (Akhurst, 2017; 

Colak and Dijke, 2017; Seoane and Gomis, 2017; Christian and Heldin, 2017; Moustakas 

and Heldin, 2016; Mishra et al., 2005; Wakefield and Roberts, 2002). Animal models of 

mammary gland tumorigenesis support a pro-tumorigenic role for signaling by the TGF-β1-

Smad2 pathway (Muraoka-Cook et al., 2004), whereas mouse models of gastrointestinal 

(GI) cancers and hepatocellular cancers indicate a primarily tumor-suppressive role (Chen et 

al., 2018; Chen et al., 2016b; David et al., 2016; Katz et al., 2016). In pancreatic KRAS-

mutant premalignant cells, TGF-β signaling induces expression of metastasis-promoting 

genes (David et al., 2016) and apoptosis-regulatory genes. Thus, even within a single 

subfamily of ligands that act through the same downstream Smad complexes, the net 
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outcome can be either tumor-suppressing or tumor-promoting depending on context. Hence, 

predicting appropriate TGF-β-based therapeutic interventions is challenging.

To dissect the context-specific roles of the TGF-β pathway across multiple cancer types, we 

focused on 43 core genes that regulate or mediate TGF-β signaling. We selected the core 

genes through consensus of TCGA TGF-β network members, although we acknowledge that 

the process of identifying a core subset of genes is inherently subjective to some degree. The 

“integromic” analysis (Weinstein, 2006) described here reveals potential nodes of crosstalk 

with other cancer-relevant pathways, and it enables prediction of the activity of TGF-β–

Smad pathways in various cancer contexts. The data and analyses provide a rich resource for 

understanding TGF-β biology, with the potential to identify context-dependent therapeutic 

targets.

RESULTS

We focus here on the genomic, epigenomic, and transcriptomic landscape of 43 genes that 

encode proteins that mediate or regulate signaling by the TGF-β superfamily and 50 

downstream target genes of Smad-dependent signaling in 9,125 patients across 33 TCGA 

tumor types (https://tcga-data.nci.nih.gov/docs/publications/tcga/) (Table S1), referred to as 

the “PanCancer cohort.” The analysis is limited to this set of TGF-β pathway-related genes 

yet represents a valuable starting point to examine TGF-β signaling across multiple cancers. 

We analyzed multiple data types: somatic copy number variation (CNV), point mutation, 

DNA methylation, mRNA expression (from mRNA-seq), miRNA expression (from miRNA-

seq), and, for correlative analyses, protein expression (from reverse-phase protein arrays; 

RPPA). The data were corrected for batch effects and other systematic biases prior to 

analysis (see STAR Methods).

Selection of genes associated with the TGF-β superfamily

The list of 43 “core” TGF-β genes includes 2 genes encoding adaptor proteins (SPTBN1 and 

ZFYVE9) that are important in TGF-β signaling and play roles in other cellular processes. 

The other 41 genes encode components of each level of the “canonical” TGF-β signaling 

pathway that activates Smads to regulate gene expression (Figure 1A): 3 TGF-β ligands, 8 

bone morphogenetic protein (BMP) ligands, and 9 activin (ACV) ligands; 3 TGF-β receptors 

and 1 interacting protein (TGFBRAP1), 3 BMP receptors, and 6 ACV receptors; and 8 

Smads (Figure 1B). The list of 43 genes is available at cBioPortal (http://

www.cbioportal.org) as “General: TGF-β superfamily.” Noncanonical signaling (Figure 

S1A) is excluded from this analysis. Figure S1B shows pairwise correlation coefficients of 

the 43 genes.

To explore the effect of TGF-β pathway genomic alterations on transcriptional output and to 

validate pathway activity, we selected a panel of 50 downstream target genes that are 

regulated by TGF-β–Smad signaling and have important roles in epithelial-to-mesenchymal 

transition (EMT), metastasis, or tumor suppression (Table S1).
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Genomic alterations in TGF-β superfamily genes

We performed mutation and CNV analyses of the 43 genes to identify genomic aberrations 

across the PanCancer cohort (Figure 1B, Table S2). Using the cBioPortal definitions 

(Cerami et al., 2012), genomic alterations were classified as gene amplifications, gains (low-

level amplifications), deep deletions (equivalent to homozygous deletions for non-

aneuploidy cases), shallow deletions (heterozygous loss), truncating mutations, inframe 

mutations, or missense mutations. We use the term “alteration” henceforth for mutations 

(truncating or missense) and CNVs (deep deletion or amplification). Oncoprint 

representation from cBioPortal revealed the distribution of TGF-β genomic alterations in the 

PanCancer cohort (Figure 1B). Although alteration frequencies were low, 39% of the tumors 

contained an alteration in at least one of the 43 genes. SMAD4 (4%) and SPTBN1 (4%) 

were the most frequently altered. Collectively, BMP ligands had an alteration frequency of 

13%. Six genes (GDF1, GDF11, SMAD6, SMAD7, INHBE, and NODAL) had mutation 

frequencies < 0.5% (Table S2). When excluding those six, cumulative mutation frequency 

(23%) in the TGF-β core pathways was significantly higher than expected for a randomly 

selected set of 37 genes (Figure S1C, S1D). A set of genes in the TGF-β superfamily had 

recurrent chromosomal deletions of at least one allele (Figure S1E). Heterozygous deletions 

generally occur with high frequency in tumor suppressor genes and may be accompanied by 

additional mutations in the remaining allele, leading to complete loss of tumor suppressor 

function (Haverty et al., 2009). All SMAD-encoding genes had heterozygous deletion 

frequencies greater than 20% with several exceeding 30%. Tumors rarely had more than one 

mutationally altered gene within a category.

Distribution of gene alterations across cancer types

The frequency and type of genomic alteration varied widely across tumor types (Figure 2A 

and S2A), from no alterations in testicular germline tumors (TGCT) to all three types of 

alterations (mutation, deletion, and amplification) in urothelial bladder cancers (BLCA). 

There were genomic alterations of TGF-β pathway genes in more than 50% of samples in 12 

tumor types (Figure 2A, Tables S2–S4). Skin cutaneous melanoma (SKCM), colon 

adenocarcinoma (COAD), esophageal carcinoma (ESCA), stomach adenocarcinoma 

(STAD), and uterine corpus endometrial carcinoma (UCEC) had high background alteration 

burdens, including microsatellite instability (MSI) or chromosomal instability (CIN) (Cancer 

Genome Atlas, 2012; Cancer Genome Atlas, 2015; Cancer Genome Atlas et al., 2013). 

Without adjusting for background alteration burden, among the 39% of TCGA cases that 

carried TGF-β pathway gene alterations, SKCM (70%), COAD (65%), and ESCA (65%) 

had the highest percentages of alterations; THCA (4%), KICH (6%), and TGCT (9%) had 

the lowest (Table S3).

We observed non-silent SMAD4 mutations in 24% and SMAD4 deletions in 13% of 

pancreatic adenocarcinoma (PAAD) samples (Figure 2A, 2C; Table S4). Because SMAD4 is 

the Co-Smad required for transducing the Smad signal to downstream effectors, loss of 

SMAD4 in PAAD by mutation or deletion suggests a tumor-suppressive role for TGF-β 
signaling in PAAD, which is consistent with other reports (David et al., 2016).
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Among all cancer types, high-grade ovarian cancers (OV) (Figure 2B) had high 

amplification frequency, which could be due to genomic instability (Cancer Genome Atlas 

Research, 2011). Prostate adenocarcinoma (PRAD) had the highest deletion frequency, 

marked by losses in the SMAD9 (encoding an R-Smad) and ACVR2A (encoding a receptor) 

(Figure 2B–C). Rectal adenocarcinoma (READ) had the greatest frequency of BMP7 
amplification. Diffuse large B-cell lymphoma (DLBC) had a high frequency of deletions 

spanning different levels of the pathway—: ligands (TGFB2, INHBB, GDF1), receptors or 

receptor-associated proteins (BMPR1A, ACVR1, ACVR1C, ACV2A, ACVR2B, 

TGFBRAP1), and Smads (SMAD9)—, indicative of a tumor-suppressive role for TGF-β 
signaling in these early-stage DLBC cases in the TCGA cohort.

After adjusting for background alteration burden, we analyzed MutSigCV- and GISTIC-

precomputed results across all individual cancer types and the PanCancer cohort to identify 

significantly mutated genes (SMGs) and genes targeted by somatic CNVs (Figures 2D–F). 

The analysis revealed SMAD4, ACVR2A, and TGFBR2 as the most common SMGs within 

specific disease types and across the PanCancer cohort. SMAD4 had a highly overlapping 

profile with TGFBR2; both were SMGs in the GI cancers PAAD, ESCA, and STAD. Among 

individual disease types, COAD had the highest number of SMGs (SMAD4, SMAD3, 

SMAD2, and ACVR2A). The number of genes targeted by somatic CNVs, particularly 

deletions, was higher than the number of SMGs (Figures S1C, S2B and S2C). A common 

type of CNV was recurrent heterozygous loss (Figure S1E). SMAD4 was the only 

statistically significant deletion target in the PanCancer cohort; it was most significantly 

deleted in GI cancers (PAAD, COAD, READ, STAD, and ESCA). PAAD had deletions 

associated with 14 TGF-β core genes, suggesting synergistic effects from ligands (BMP 

family), receptors (BMPR, TGFBR), and SMAD4. Colorectal cancers (COAD and READ) 

were marked by SMAD4 and SMAD3 deletions. Deletions in genomic regions covering all 

ACVR genes except ACVR2B were identified as significant in DLBC.

Transcriptional signatures of genomic alterations in the TGF-β pathways

To understand how gene alterations affect transcriptional output of the pathways, we 

analyzed the mRNA expression of 50 downstream targets of Smad signaling with defined 

roles as tumor promoters or tumor suppressors (Table S1). Unsupervised hierarchical 

clustering analysis identified patterns of correlation between target gene expression and each 

class of genomic alteration (Figure 2G–I). Point mutations were associated with two 

predominant patterns of target gene signatures: increased or decreased expression (Figure 

2G). Surprisingly, the directionality of target-gene change was consistent for all mutations, 

even for mutations in the inhibitors SMAD6/7. An explanation is that mutations in pathway 

activators, like TGFB1/2/3 and TGFBR1/2/3, may result in gain of function, whereas 

mutations in the inhibitors SMAD6 and SMAD7 may result in loss of inhibitory function.

Another explanation is that SMAD2 was generally co-amplified with SMAD7 (Figure 1B); 

both genes are in the same cytogenetic band (18q21.1). Similarly, SMAD3 was generally co-

amplified with SMAD6; both are in proximal cytogenetic bands, 15q22.33 and 15q22.31, 

respectively. Thus, the net effect of those co-amplifications could be an overall increase in 

pathway activity. In support of that hypothesis, both the amplification and deletion profiles 
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(rows in Figure 2H–I) of those gene pairs were similar, and, consequently, SMAD2 and 

SMAD7 are co-clustered, whereas SMAD3 and SMAD6 clustered close to each other.

The effect of TGF-β pathway amplification events on target gene mRNA expression was 

similar to that of mutations (Figure 2H), suggesting that most mutations in TGF-β pathway 

activators are gain of function. HMGA2 was overexpressed in samples with either mutations 

or amplifications in the TGF-β pathway genes, with the exception of tumors with 

amplifications in TGFB2, TGFBR2, ACVR2B, SMAD4, SMAD5, or SMAD6. Those 6 

genes may deliver context-specific signals for regulating HMGA2 expression. Likewise, 

CDH2 clustered separately from other genes, and its decreased expression was associated 

with most point mutations and CNVs. CDH2 encodes a cadherin important in cell adhesion 

and migration (Principe et al., 2014; Xu et al., 2009). Another distinct cluster contained 

overexpressed metastasis-related genes, including collagens (COL1A1/1A2/3A1), a 

metalloprotease (MMP9), and a transcription factor (FOXP3).

SMAD5 amplification was associated with increased CDH2 expression; 36 other 

amplifications were associated with decreased CDH2 expression. Similarly, HMGA2 
expression was increased with most amplification events but decreased where SMAD5 was 

amplified (Figure 2H). Another exception was reduced HMGA2 expression in samples with 

amplifications of SMAD4 or TGFBR2, whereas HMGA2 expression increased in samples 

with mutations in SMAD4 or TGFBR2 (Figure 2G).

Hotspot mutations in genes associated with TGF-β superfamily pathways

We focused on sites in the 43 genes that were mutated in at least 9 samples across the 33 

tumor types (see Figure S3 for hotspot mutations identified with in at least 5 samples). The 

analysis identified 6genes with hotspot mutations, representing all levels of the TGF-β 
pathway (Figure 3A–E). BMP5 and TGFBR2 included previously unreported hotspots.

Hotspot mutations of BMP5 occurred in 13 cases across 7 cancers. BMP5 is synthesized as a 

proprotein, and an R321 stop-codon mutation (4 cases) (Figure 3A) results in loss of the 

functional, secreted ligand. An R321 to Q (9 cases) mutation may impact cleavage of the 

protein to the mature, secreted form. Frameshift mutations in ACVR2A at the K437 hotspot 

generate the variants K437Efs*19 (7 cases in 2 cancers) and K437Rfs*5 (69 cases in 5 

cancers), resulting in premature stop codons and deletion of two C-terminal helices of the 4-

helix bundle (Figure 3A, 3D), which likely disrupt ACV signaling (Rossi et al., 2005; Yosef 

et al., 2017). Type I receptors ACVR1B and ACVR1C have similar C-terminal frameshift 

mutation hotspots at R485 (6 cases) and R441 (5 cases), respectively (Figure S3). TGFBR2 

R553 to C or H mutations and BMPR2 N583 frameshift might disrupt interaction with other 

receptor subunits or binding proteins (Chan et al., 2007). Hotspots in SMAD4 at R361 and 

D537 (two conserved sites in R-Smads) (Shi et al., 1997) normally stabilize homo- or 

heterotrimer oligomerization (Figure 3C) (Fleming et al., 2013; Shi et al., 1997). Those 

mutations could have widespread effects, because SMAD4 is a binding partner for all Smad-

dependent transcriptional regulation. Mutation at either R361 or D537 in SMAD4 correlates 

with metastasis and decreased survival in colon cancer (Sarshekeh et al., 2017). SMAD2 

exhibited 13 truncating mutations at S464 (Figure 3A). S464 is part of the essential 

phosphorylation motif SSXS (Ser464-Ser465-X466-S467) of R-SMADs (Fleming et al., 

Korkut et al. Page 7

Cell Syst. Author manuscript; available in PMC 2019 February 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



2013) (Figure 3E). S464 is necessary for proper positioning of SMAD2 for phosphorylation 

at S465 and S467, both of which mediate interaction of SMAD2 with SMAD4 (Macias et 

al., 2015) and dissociation of SMAD2 from TGFBR1 and the adaptor SARA (encoded by 

ZFYVE9). Hence, S464 mutations may prevent dissociation of SMAD2 from the receptor-

adaptor complex, blocking the downstream signal (Figure 3E).

GI cancers are enriched with TGF-β pathway hotspot mutations

Of 176 mutations at hotspot sites across 6 genes, 115 (65%) were in cancers of the GI 

system (Figure S3): 60 in ESCA, 51 in COAD, 3 in PAAD, and 1 in LIHC. The connection 

to GI cancers is also supported by other studies (Park et al., 2010; Sarshekeh et al., 2017). 

We found the reported SMAD4 and BMPR2 hotspots (Park et al., 2010; Sarshekeh et al., 

2017) and identified hotspots in BMP5 and TGFBR2.

To determine if GI cancers possess a unique signature of altered TGF-β pathway activity, we 

compared changes in the expression of 50 downstream genes related to mutations at hotspot 

sites (Figure 3B). The expression signatures associated with the BMP5 hotspot clustered 

separately from those associated with other hotspots. Notably, CDH2 exhibited an overall 

reduction in expression except in the context of the BMP5 hotspot mutation. A cluster of 

genes (HMGA2, TERT, MMP9, COL1A1/1A2/3A1, MYC, FOXP3, and IL6) exhibited 

increased expression in the GI cancers containing at least one of the 6 hotspot mutations. 

Unique to the GI tumors was a cluster of genes that included strongly reduced expression of 

CDH2, ALDH1A1, and IGF2, and a cluster with moderately reduced expression of 

SERPINE1.

When compared with the PanCancer cohort, the GI subset showed an association of hotspot 

mutations with less expression of downstream genes (Figure 3B). That trend was generally 

characterized by blunted upregulation of the upregulated genes (HMGA2, collagen encoding 

genes, FOXP3, MMP9, MYC) and greater downregulation of the downregulated genes 

(ALDH1A1 and CDH2).

Transcriptional signatures of TGF-β pathway alterations in GI cancers

Guided by the enrichment of hotspot mutations in GI cancers, we tested for enrichment of 

TGF-β pathway point mutations in GI cancers. Non-silent mutations were significantly more 

common in GI cancers (596 of 1,511) than in the non-GI cancers (1,606 of 7,614). Deep 

deletions and amplifications were also significantly enriched in GI cancers. COAD, READ, 

and STAD had recurrent aberrations in genes at each level of the pathway (ligands, 

receptors, and SMADs) and all axes (TGFBR, BMPR, ACVR), whereas PAAD had frequent 

mutations in only SMAD4 and TGFBR2 (Figure S4A).

To compare the TGF-β pathway transcriptional signatures in GI vs. other cancers, we 

calculated the target gene expression signatures associated with TGF-β pathway mutations 

in both groups (Figure 4A–B). The upregulation of TERT and HMGA2 was less substantial 

in GI cancers than in the PanCancer cohort. Whereas IL6 mRNA was increased in most non-

GI cancers with TGF-β pathway mutations, IL6 upregulation was significantly greater in GI 

cancers than non-GI cancers (Figure S4B), and within GI cancers IL6 expression was greater 

in samples with alterations in the TGF-β pathway genes than those without alterations in the 
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TGF-β pathway genes. Notably, in non-GI cancers associated with GDF1 mutations, IL6 
mRNA expression was markedly decreased, suggesting that GDF1 may play different roles 

in GI and non-GI cancers. A similar analysis revealed a profound difference in FOS 
expression between GI and non-GI cancers (Figure S4C). In GI cancers, most TGF-β 
pathway gene mutations were associated with increased FOS expression; exceptions were 

TGFBRAP1, SMAD7, SMAD5, GDF1, BMP5, and ACVRL1. In non-GI cancers, only 

mutations in TGFBR2 were associated with increased FOS expression; all other TGF-β 
pathway gene mutations were associated with decreased FOS expression.

To compare the transcriptional output resulting from mutations in GI and non-GI cancers, 

we calculated differences in expression of the 50 target genes associated with mutations in 

the 43 genes (Figure 4C). The analysis revealed a shift toward repression of transcriptional 

output in GI cancers with the most significant shifts occurring with mutations in ACVR2B, 

INHBA, SMAD3, or GDF2. In GI cancers, mutations in GDF1 were associated with 

significantly increased target gene transcription. We also analyzed downregulation in each 

target gene (Figure 4D). Mutations in any of the 43 genes were associated with reduced 

mRNA expression in GI cancers compared with non-GI cancers for most target genes with 

the largest reductions found for HMGA2 and TERT. Compared to non-GI cancers, GI 

cancers had fewer genes with increased expression resulting from pathway mutations. In GI 

cancers, mutations in any of the 43 genes were associated with a significantly increased 

expression of FOS, IL6, ZEB2, and ZEB1 compared to expression changes of the same 

genes resulting from pathway mutations in non-GI cancers.

Finally, we probed for associations between transcriptional output and TGF-β pathway gene 

alterations for all cancers and the GI and non-GI subsets (Figure 4E). The top 20 and bottom 

20 genes that were up- or downregulated in each case differed. However, all three cases 

included genes associated with metastasis, cell adhesion, and EMT. Members of the 

CEACAM family, which consists of proteins involved in pathogen sensing, innate immunity, 

and metastasis (Chen et al., 2016a; Vitenshtein et al., 2016), were consistently upregulated. 

TMPRSS4 and ADAMTS19, encoding cell surface proteases, were upregulated in the 

PanCancer and GI cohorts, respectively. Genes that encode immune-related proteins were 

also upregulated: PRAME in the PanCancer cohort and GPR31 in GI tumors.

Gene expression levels quantify TGF-β signaling pathway activity

To explore TGF-β signaling pathway variation across the 33 cancers in the PanCancer 

cohort, we computed a “pathway activity score” based on mRNA expression of the 43 genes. 

We verified that none of the genes were universally inhibitory in every cancer context. We 

validated the pathway score by correlating it with the median expression of the 50 TGF-β 
target genes and, separately, with the median expression of 50 random genes (Figure S5) 

(see STAR Methods).

Patterns emerged when we grouped activity scores by tumor type (Figure 5A). The two 

hematologic TCGA cancers, DLBC and LAML, had the lowest median pathway activity 

scores. Uterine carcinosarcoma (UCS) had the highest median pathway activity score 

(Figure 5A). Five cancers — LUSC, CESC, MESO, TGCT, and KIRC — had significant 
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differences in overall survival between patients with high and low pathway activity (Figure 

S6).

Supervised clustering of the 43 genes revealed that INHBC and INHBE were highly 

expressed in LIHC, whereas BMP3 and BMP5 were highly expressed in LUAD (Figure 5B). 

GDF1 expression was high in brain cancers (GBM and LGG), rare cancers (UCS and 

PCPG), and in SKCM. NODAL expression was high in TGCT. The heat map indicates the 

wide range of expression for the 43 genes in different tumor contexts and reveals potential 

targets for further study.

Unsupervised clustering of the 43 genes produced 11 clusters (Figure S7 and Table S5) that 

were dominated by cancer type. Cluster C3 was enriched with LAML, LUSC, CESC, 

squamous ESCA, HNSC, and squamous BLCA. Cluster C3 was characterized by high 

expression of BMP3, BMP7, SMAD3, and ACVR1C, coupled with low expression of 

BMPR1B, suggesting that BMPR1B signaling may be tumor suppressive, whereas signals 

involving BMP3, BMP7, SMAD3, and ACVR1C may be tumor promoting in cancers 

enriched in that cluster. Cluster C4 was enriched with GI cancers ESCA, STAD, COAD, and 

READ. Cluster C4 was characterized by high expression of ACVR1C, BMP4, BMP5, and 

INHBA, coupled with low expression of INHA, BMPR1B, GDF1, INHBB, TGFB2, and 

TGFB3. Those observations suggest tumor-promoting roles for the highly expressed set of 

genes and tumor-suppressive roles for the set with low expression in cancer types enriched 

in that cluster.

Cluster C7, which contained most of the breast cancer samples, included two subclusters 

that did not correspond to clinical breast cancer subtypes (luminal A, luminal B, HER2, 

basal, or normal-like). Instead, the subclusters separated mainly on the basis of low and high 

levels of BMPR1B expression. Thus, BMPR1B signaling may have a tumor-promoting role 

and could be a viable therapeutic target for at least a subset of breast cancers.

Figure 6A shows a clustered heat map of pairwise Pearson’s correlations between expression 

of the 43 TGF-β pathway genes and expression of the 50 downstream target genes. 

Surprisingly, expression of none of the 43 TGF-β pathway genes was strongly negatively 

correlated with the activity score, including expression of the pathway inhibitors SMAD6/7. 

We attribute this observation to co-occurring amplifications or deletions of SMAD7 and 

SMAD2 and co-occurring amplifications of SMAD6 and SMAD3 (Figure 1B). Expression 

of ligand-encoding INHBE had the strongest negative correlation with pathway activity. 

Within the downstream targets, expression of TERT and FOXK2 had the strongest negative 

correlations with activity score, suggesting that their suppression may contribute to the 

pathway’s tumor-suppressor role. By contrast, expression of the EMT genes ZEB1 and 

ZEB2 positively correlated with pathway score, providing a possible mechanism for the 

tumor-promoting effects of the pathway.

TGF-β pathway activity correlates with activity of other cancer-related pathways

With proteomic data and a published method (Akbani et al., 2014), we computed activity 

scores for 10 other oncogenic pathways: apoptosis, breast reactive, cell cycle, hormone 

receptor, hormone signaling, PI3K/AKT, RAS/MAPK, RTK, TSC/mTOR, and DNA damage 
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response (DDR). We assigned activity scores for EMT and leukocyte infiltration (an index of 

immune function) using mRNA and DNA methylation data, respectively (Cancer Genome 

Atlas Research Network, 2017). A clustered heat map representation (Figure 6B) shows that 

the PanCancer cohort exhibited a negative correlation between the TGF-β superfamily 

pathway score and the activity scores for the cell cycle pathway and apoptosis pathway. In 

contrast, positive correlations occurred for the EMT pathway, breast reactive pathway, RAS/

MAPK, and the RTK pathway. Table S6 shows correlations within individual tumor types 

and the EMT and cell cycle pathways.

Downstream target genes HMGA2, COL1A1/COL1A2/COL3A1, and MMP9 are associated 
with patient survival

We analyzed the combined impact of TGF-β target gene expression and the 43 core gene 

alterations on patient survival across the PanCancer cohort. We compared the survival of 

patients with 3 different cancer profiles: those with high expression of HMGA2 and 

alterations in any one of the 43 TGF-β pathway genes (Figure 6C, High HMGA2/TGF-β 
mutant), those with high HMGA2 expression and no alterations in any of the 43 genes 

(Figure 6C, High HMGA2/TGF-β wild-type), and those with low expression of HMGA2 
without considering alterations in TGF-β pathway genes (Figure 6C, Low HMGA2 

expression). Patients with low HMGA2 expression had the best outcome, followed by 

patients with high expression of HMGA2 and no mutations in the 43 genes. A similar trend 

was observed for genes encoding MMP9, collagens, and to a lesser extent for FOXP3. TERT 
overexpression had no impact on survival. We saw the opposite for cancers with 

downregulated CDH2; the worst outcome was associated with low CDH2 expression and 

mutations in 43 genes (Figure S6B). Thus, the expression profile of specific target genes and 

alterations in the TGF-β superfamily genes cooperated to increase tumor aggressiveness. 

The impact on survival was most significant for overexpression of collagen-encoding genes, 

HMGA2, and MMP9 (Figure 6C–E). Because of the association of collagen overexpression 

and alterations in TGF-β pathway genes with poor survival, we hypothesize that altered 

signaling through the TGF-β superfamily pathways remodels the extracellular matrix to 

drive metastasis in multiple cancer contexts.

We analyzed survival in GI and non-GI cancers (Figure S6D). In the GI cohort, only ZEB2 
combined with TGF-β pathway gene alteration yielded a significant difference, with low 

ZEB2 expression corresponding to a survival benefit. In non-GI patients, high expression of 

the TGF-β pathway target genes IL6, HMGA2, ZEB2, and FOS was associated with reduced 

survival particularly when combined with TGF-β pathway mutations. Thus, although TGF-β 
pathway mutations may not occur as commonly in non-GI cancers, they may be important 

contributors to mortality.

Epigenetics and miRNAs modulate TGF-β pathway activity

To explore regulation of TGF-β pathway activity, we evaluated DNA methylation (Table S6) 

and microRNA expression (Table S7), both processes are associated with cancer (Dawson 

and Kouzarides, 2012; Jones and Baylin, 2007; Shen and Laird, 2013). Methylation levels 

across the 41 genes for each sample grouped by tumor type revealed a high variability 

(Figure 7A). Despite this variability, when ordered by TGF-β pathway activity, DLBCs with 
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the lowest TGF-β pathway activity score had the highest median and range of DNA 

methylation scores, and LAML with low pathway activity had a low median DNA 

methylation score (Figure 7A). Hence, epigenetic silencing appeared to contribute to low 

pathway activity in DLBC but not LAML. UCS with the highest TGF-β pathway activity 

score had a low median methylation score, suggesting that other mechanisms contribute to 

the differences in activity scores.

We clustered DNA methylation levels (supervised by cancer type) (Figure 7B) and 

compared the results with supervised clustering of the expression of the 43 TGF-β pathway 

genes (Figure 5B). The epigenetic cluster analysis divided the genes into two main groups: 

those with little or no DNA methylation in any cancer and those with DNA methylation in 

some or all cancers. The cluster with high DNA methylation scores included SMAD9, 

SPTBN1, ACVRL1, GDF2, INHBC, INHBE, INHBA, and TGFB3. The presence of ACV 

ligands suggested that those ligands are tumor suppressive in many cancers. Adaptor 

SPTBN1 had a high DNA methylation score in all cancer samples, supporting a tumor-

suppressive role.

We focused on miRNAs that, according to miRBase (Kozomara and Griffiths-Jones, 2014), 

are associated with the 43 TGF-β pathway genes. We selected the top 32 miRNAs anti-

correlated with transcript abundance (Table S7). Those miRNAs exhibited variable 

expression across the 32 tumor types (Figure 7C, GBM had no miRNA data). LAML with 

low TGF-β pathway activity had the highest level of miRNA expression, suggesting that 

miRNAs regulate pathway activity in this blood cancer.

We predicted that 15 of the 43 genes were targets of at least 1 miRNA; BMPR2, TGFBR2, 

and SMAD4 were each targeted by 5 or more miRNAs (Figure 7D). An miRNA/mRNA 

topology map for the GI cancers (COAD, READ, STAD, ESCA, LIHC, and PAAD) (Figure 

S7B) revealed that BMP3 was targeted only in GI cancers, and SMAD4 was targeted only in 

the PanCancer cohort, suggesting that miRNA/mRNA topologies depend on tumor context.

Cluster analysis (supervised by cancer type) yielded an interesting pattern for miRNA 

92a-3p, which is predicted to target the 3 core genes BMPR2, TGFBR2, and SMAD7. 

miRNA 92a-3p was overexpressed in breast, ovarian, liver, and head and neck cancers. We 

also identified BMPR2 and TGFBR2 as genes with hotspot sites of mutations that were 

common in STAD and COAD. The cancers with high frequencies of hotspot mutations in 

those two genes did not have high expression of miRNA 92a-3p, suggesting that there is 

little selective pressure for both mutation and downregulation by that miRNA. To examine 

the contribution of mutations, amplifications, deletions, DNA methylation and miRNAs to 

the pathway activity score across tumor types, we computed Pearson’s correlations between 

the pathway activity score and (i) levels of DNA methylation or miRNA expression and (ii) 

percentages of mutations or CNVs in each tumor type and plotted the results in order of 

increasing pathway activity score (Figure 7F). The results suggested that miRNAs play a 

dominant role in LAML, DLBC, UVM, and THYM, all of which had low TGF-β pathway 

activity scores. DNA methylation was dominant in DLBC, STAD, BRCA, and COAD. 

Amplifications positively correlated with activity score and played a dominant role in UCS, 

SARC, ESCA, CHOL, and OV. However, OV has a high background CNV burden, making 
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it difficult to distinguish functionally important effects from passenger alterations. Overall, 

deletions exhibited a low positive correlation with pathway activity score, and mutations 

showed the weakest correlation.

DISCUSSION

Because TGF-β superfamily signaling plays context-dependent roles as both tumor 

suppressor and tumor promoter, TGF-β biological function is notably ambiguous. However, 

given its prominent role in cancer, understanding its function in diverse settings will be 

necessary to design therapy for tumors with aberrant TGF-β signaling. Hence, this study 

focused on elucidating salient characteristics of TGF-β-associated genes across a large 

cohort of different types of cancers. Some of the key findings of the study were that (i) 39% 

of the cancers carried TGF-β pathway gene alterations; (ii) the genomic alterations appeared 

to affect expression of metastatic and EMT genes; (iii) six hotspot mutations were identified 

in six genes; (iv) the pathway was most frequently aberrant in GI cancers, which exhibited 

115 of the 176 hotspot mutations identified; (iv) high expression of downstream target genes 

coupled with mutations in the TGF-β pathway genes was associated with poor outcome, 

suggesting a net tumor-promoting role of the superfamily across the PanCancer cohort; (v) 

apparent gene silencing by DNA methylation and deletion of TGF-β pathway genes were 

observed most frequently in DLBC, whereas miRNA silencing was seen most often in 

LAML. DLBC and LAML also had the lowest TGF-β pathway activity scores, suggesting a 

possible tumor-suppressive role of the TGF-β superfamily in hematologic cancers.

Although 39% of the cancers had genomic alterations in at least one of the TGF-β pathway 

genes, GI cancers were particularly enriched for them. GI cancers were most influenced by 

recurrent hotspot mutations in 6 genes, SMAD4, SMAD2, BMPR2, BMP5, TGFBR2, and 

ACVR2A. The hotspot mutations in BMP5 and TGFBR2 had not been identified previously, 

and their function in GI cancer should be explored.

UCS showed the highest TGF-β superfamily pathway activity. High activity was associated 

with amplifications or low DNA methylation. In general, epigenetics appeared to play a 

strong role in regulating the activity of the TGF-β superfamily pathways in DLBC, COAD, 

BRCA, STAD, and LUAD, whereas miRNAs played a strong role in LAML, UVM, and 

THYM. Such cancer type-dependent differences in regulation of the TGF-β pathway could 

prove important to the development of therapies that target the pathway.

TGF-β signaling pathway activity correlated positively with other cancer-relevant pathways, 

including EMT, breast reactive, RAS/MAPK, and RTK pathways. Conversely, activity of the 

TGF-β pathways was anti-correlated with the cell cycle and apoptosis pathways. Overall, 

this study provides a molecular portrait of genetics, epigenetics, and miRNA-mediated 

regulation of signaling mediated by the TGF-β superfamily. We expect that this body of 

organized data and information will be mined by other researchers over time to formulate, 

test, or validate a variety of additional hypotheses that have not yet come into focus.
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STAR METHODS

KEY RESOURCES TABLE

See attached file

CONTACT FOR RESOURCE SHARING

Further information and requests for resources should be directed to and will be fulfilled by 

the Lead Contact, Rehan Akbani (rakbani@mdanderson.org).

SUBJECT DETAILS

Human data, tumor data and TGF-β pathway gene selection—Molecular data 

were obtained from patients that had not received prior treatment for their disease (ablation, 

chemotherapy, or radiation therapy) and had provided informed consent as part of The 

Cancer Genome Atlas Project (TCGA). Local Institutional Review Boards (IRBs) at the 

tissue source sites reviewed protocols to approve submission of cases.

We selected samples from 33 TCGA projects to analyze the genomic, epigenomic and 

transcriptomic alterations in the TGF-β pathway.

TCGA Project Management collected necessary human subjects documentation to ensure 

the project complies with 45-CFR-46 (the “Common Rule”). The program has obtained 

documentation from every contributing clinical site to verify that IRB approval has been 

obtained to participate in TCGA. Such documented approval may include one or more of the 

following:

• An IRB-approved protocol with Informed Consent specific to TCGA or a 

substantially similar program. In the latter case, if the protocol was not TCGA-

specific, the clinical site PI provided a further finding from the IRB that the 

already-approved protocol is sufficient to participate in TCGA.

• A TCGA-specific IRB waiver has been granted.

• A TCGA-specific letter that the IRB considers one of the exemptions in 45-

CFR-46 applicable. The two most common exemptions cited were that the 

research falls under 46.102(f)(2) or 46.101(b)(4). Both exempt requirements for 

informed consent, because the received data and material do not contain directly 

identifiable private information.

• A TCGA-specific letter that the IRB does not consider the use of these data and 

materials to be human subjects research. This was most common for collections 

in which the donors were deceased.

METHOD DETAILS

Sample processing

Cases were staged according to the American Joint Committee on Cancer (AJCC). Each 

frozen primary tumor specimen had a companion normal tissue specimen (blood or blood 

components, including DNA extracted at the tissue source site). Adjacent tissue was 
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submitted for some cases. Specimens were shipped overnight using a cryoport that 

maintained an average temperature of less than −180°C.

RNA and DNA were extracted from tumor and adjacent normal tissue specimens using a 

modification of the DNA/RNA AllPrep kit (Qiagen). The flow-through from the Qiagen 

DNA column was processed using a mirVana miRNA Isolation Kit (Ambion). This latter 

step generated RNA preparations that included RNA <200 nt suitable for miRNA analysis. 

DNA was extracted from blood using the QiaAmp blood midi kit (Qiagen). Each specimen 

was quantified by measuring Abs260 with a UV spectrophotometer or by PicoGreen assay. 

DNA specimens were resolved by 1% agarose gel electrophoresis to confirm high molecular 

weight fragments. A custom Sequenom SNP panel or the AmpFISTR Identifier (Applied 

Biosystems) was utilized to verify tumor DNA and germline DNA were derived from the 

same patient. Five hundred nanograms of each tumor and normal DNA were sent to Qiagen 

for REPLI-g whole genome amplification using a 100 μg reaction scale. Only specimens 

yielding a minimum of 6.9 μg of tumor DNA, 5.15 μg RNA, and 4.9 μg of germline DNA 

were included in this study. RNA was analyzed via the RNA6000 nano assay (Agilent) for 

determination of an RNA Integrity Number (RIN), and only the cases with RIN >7.0 were 

included in this study. Reasons for rejection are described at https://tcga-data.nci.nih.gov/

datareports.

Selection of 43 core genes associated with the TGF-β superfamily

We selected the list of core TGF-β superfamily genes used in the paper by searching for the 

keyword “TGF-β” in 4 databases: (i) BIOCARTA_TGFB_PATHWAY from GSEA (http://

software.broadinstitute.org/gsea/msigdb/cards/BIOCARTA_TGFB_PATHWAY), (ii) 

KEGG_TGF_BETA_SIGNALING_PATHWAY from GSEA (http://

software.broadinstitute.org/gsea/msigdb/cards/

KEGG_TGF_BETA_SIGNALING_PATHWAY), (iii) GO_0007179 full gene set from 

BioMart, and (iv) subset of GO_0007179 (filtered by “experimental evidence”) from 

AmiGo. The union of the resulting lists comprised 181 genes. We then filtered the list down 

to 43 genes using the following three criteria. (i) Based on the databases’ annotations and 

prior literature, the genes were divided into two categories: those belonging to the signaling 

cascades and those that encoded targets of the signaling cascades. We retained genes in the 

former category. (ii) We then performed extensive literature searches and kept only those 

genes that satisfied any of the following conditions: (a) the gene had previously been 

implicated in cancer, or (b) the gene was involved in direct binding to and regulation of 

Smad function, or (c) the gene was phenotypically associated with the TGF-β superfamily, 

where mutations or deletions of the gene had resulted in phenotypes similar to those from 

loss of function of the TGF-β superfamily pathways. (iii) Finally, we discussed the complete 

list of 181 genes and the results of our literature searches with subject matter experts in the 

TCGA consortium and, after recommendations, reached a consensus for manual curation.

That selection process resulted in 43 “core” genes, including 2 genes encoding adaptor 

proteins (SPTNB1 and ZFYVE9) that are important in TGF-β signaling and genetically 

associated by phenotype (Table S1A). However, those two genes are not exclusive to the 

TGF-β superfamily and they play roles in other cellular processes as well. The other 41 core 
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genes encode components of each level of the “canonical” TGF-β signaling pathway that 

activates Smads to regulate gene expression (Figure 1A). Other genes that are not members 

of the canonical pathway (the “noncanonical” TGF-β signaling pathway) are not included in 

the set of 43 genes, but noncanonical signaling is represented in Figure S1A for the sake of 

completeness. The 43 genes used in the study encode 3 ligands in the TGF-β subfamily, 8 

ligands in the BMP (bone morphogenetic protein) subfamily, and 9 ligands in the ACV 

(activin) subfamily; 3 receptors for the TGF-β subfamily and 1 interacting protein 

(TGFBRAP1), 3 receptors for the BMP family, and 6 receptors for the ACV family; and 8 

Smads (receptor-activated R-Smads, inhibitor I-Smads, and the common Co-Smad). The list 

of 43 genes has been made available at cBioPortal (http://www.cbioportal.org) under the 

category, “General: TGF-β superfamily,” so users can explore them further and/or add their 

own selected genes to study alongside the gene set we used.

Similarly, 50 downstream genes were selected to study transcriptional output of TGF-β 
pathway activity. These genes included proteins that function in association with TGF-β 
pathways (2), proteins that regulate the extracellular matrix (2), extracellular matrix proteins 

(3), transcription factors (13), apoptosis regulators (9), EMT regulators (10), fibrosis 

inducers (4), tumor promoters (4), E3 ligases (2), and stemness markers (1) (Table S1B).

QUANTIFICATION AND STATISTICAL ANALYSIS

Mitigation of batch effects and systematic biases (Figs. 2G–I, 3B, 4, 5, 6, 7)

We investigated batch effects first within individual disease types, and then across tumor 

types. Specifically, we investigated the effects of multiple confounding factors, including 

differences in: (i) batches in which the samples were processed, (ii) tissue source sites from 

where the samples were obtained, (iii) the date on which the samples were shipped to the 

data generation centers, (iv) the instrument on which the samples were processed, (v) the 

centers that generated the data. The results from individual tumor type analyses can be found 

online at: (http://bioinformatics.mdanderson.org/tcgambatch/). We assessed the magnitude 

of batch effects using the following algorithms, (i) clustered heat maps, (ii) PCA plots, and 

(iii) box plots. Whenever batch effects were observed, we corrected them using (i) ComBat 

(Johnson et al., 2007), or an enhanced version of it, (ii) Replicates Based Normalization 

(RBN) (Akbani et al., 2014), or (iii) removal of bad gene/probe data. Using those methods, 

we corrected the mRNA, miRNA, DNA methylation and protein expression data. The 

mutations and copy number data were already discretized and corrected for background 

loads.

Differences in tumor purity were adjusted for in genomic and epigenomic data. Tumor 

purity differences in the expression platforms, however, was completely confounded with 

tumor type differences. More than 5 normal samples were available for only 15 of the 33 

tumor types, so application of deconvolution algorithms to the entire cohort was not 

possible. We acknowledge that differences in tumor purity is a limitation of TCGA 

expression data, however, TCGA had ensured that all their samples had high tumor content 

in the sample acquisition phase. The mutation calls used in all of our analyses were somatic 

mutations only, not germline, so tumor purity differences had minimal impact on that data 

type. Copy-number alterations (CNA) were assessed as deviations in the tumor sample from 
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the paired normal tissue sample, so they only reflected somatic changes. However, the 

amplitude of CNA signals can be suppressed in tumor samples with normal cell 

contamination. We thus utilized ABSOLUTE-derived tumor purity and ploidy estimates for 

In Silico Admixture Removal (ISAR) of the segmentation data (Zack et al., 2013) in order to 

correct for any signal dampening that may have occurred before proceeding to analyze 

somatic copy number alterations. To minimize the influence of normal tissue contamination 

and leukocytes infiltration in DNA methylation data, we chose probes not methylated in all 

relevant normal tissues and blood cells, to get rid of methylation signals from possible 

confounding factors.

DNA sequencing data (Figs. 1B, 2, 3, 4, 6C–E, 7F)

Exome capture was performed using Agilent SureSelect Human All Exon 50 Mb according 

to the manufacturer’s instructions. Briefly, 0.5–3 micrograms of DNA from each sample 

were used to prepare the sequencing library through shearing of the DNA followed by 

ligation of sequencing adaptors. All whole exome (WES) and whole genome (WGS) 

sequencing was performed on the Illumina HiSeq platform. Paired-end sequencing (2 × 101 

bp for WGS and 2 × 76 bp for WE) was carried out using HiSeq sequencing instruments; the 

resulting data was analyzed with the current Illumina pipeline. Basic alignment and 

sequence QC was done on the Picard and Firehose pipelines at the Broad Institute. 

Sequencing data were processed using two consecutive pipelines:

1. Sequencing data processing pipeline (“Picard pipeline”). Picard (http://

picard.sourceforge.net/) uses the reads and qualities produced by the Illumina 

software for all lanes and libraries generated for a single sample (either tumor or 

normal) and produces a single BAM file (http://samtools.sourceforge.net/

SAM1.pdf) representing the sample. The final BAM file stores all reads and 

calibrated qualities along with their alignments to the genome.

2. Cancer genome analysis pipeline (“Firehose pipeline”). Firehose (http://

www.broadinstitute.org/cancer/cga/Firehose) takes the BAM files for the tumor 

and patient- matched normal samples and performs analyses including quality 

control, local realignment, mutation calling, small insertion and deletion 

identification, rearrangement detection, coverage calculations and others as 

described briefly below. The pipeline represents a set of tools for analyzing 

massively parallel sequencing data for both tumor DNA samples and their 

patient-matched normal DNA samples. Firehose uses GenePattern (Reich et al., 

2006) as its execution engine for pipelines and modules based on input files 

specified by Firehose. The pipeline contains the following steps:

a. Quality control. This step confirms identity of individual tumor and 

normal to avoid mix-ups between tumor and normal data for the same 

individual.

b. Local realignment of reads. This step realigns reads at sites that 

potentially harbor small insertions or deletions in either the tumor or the 

matched normal, to decrease the number of false positive single 

nucleotide variations caused by misaligned reads.
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c. Identification of somatic single nucleotide variations (SSNVs). This 

step detects candidate SSNVs using a statistical analysis of the bases 

and qualities in the tumor and normal BAMs, using Mutect (Cibulskis 

et al., 2013).

d. Identification of somatic small insertions and deletions. In this step, 

putative somatic events were first identified within the tumor BAM file 

and then filtered out using the corresponding normal data, using 

Indellocator (Ratan et al., 2015).

Mutation analysis (Figs. 1B, 2, 3, 4, 7F, S1C–D)

The non-silent mutation frequencies for each gene in the individual cancer and PanCancer 

settings are determined through mining the MC3 TCGA MAF file (covering n=9125 patients 

of the PanCancer pathway analysis consortium manuscript freeze sample set) from 33 

cancertypes. To include only the non-silent mutations, the variant classes, “Silent,” “Intron,” 

“3’UTR,” “3’Flank,” “5’UTR,” “5’Flank,” “IGR,” and “RNA” are excluded from the 

analyses. The oncoprints are generated using the cBioPortal oncoprinter suite. Each 

oncoprint visualizes and quantifies the somatic mutation and copy number events in 9,125 

patients with 33 cancer types for each gene family in the pathway. The hotspot mutations are 

extracted from MC3 MAF file first programmatically for any hotspot site with more than 

nine counts and validated through a systematic mining in the cBioPortal. The hotpots are 

visualized using the mutationMapper tool in cBioPortal. For ACVR2A and SMAD4 hotspot 

mutations are mapped onto the respective protein structures (pdb IDs: 4ASX for ACVR2A 

and 1DD1 for SMAD4) using the UCSF chimera software. The driver mutations in the 

pathway are detected using MutSigCV for all cancer types in the PanCancer set. Although 

MutSigCV is a well-established method for detecting driver genomic aberrations in cancer, 

it does have the following limitations. MutSigCV is insensitive to some genomic events, 

such as the co-occurrence of mutations in genomic proximity and or mutations that are 

associated with transcription-coupled repair. MutSigCV identifies genomic heterogeneity 

across patient cohorts. Another challenge that cannot be addressed by MutSigCV is 

intratumor heterogeneity and detection of driver mutations within subclones of a single 

tumor. Finally, success of MutSigCV depends on the statistical properties and size of the 

patient population under study as the algorithm fails to classify rare variants seen within 

small to mid-sized patient cohorts. Differential mRNA expression of 50 TGF-β pathway 

target genes is also quantified in relation to 6 hotspot mutations in the PanCancer cohort and 

GI cancers (Figure 3B). Rows and columns were clustered using the complete-linkage 

algorithm with Euclidean distance, and dendrogram branches were ordered to minimize the 

differences between the cube of the mean of adjacent rows and columns.

Copy Number Analysis (Figs. 1B, 2, 7F, S1E)

Tumor sample DNA was extracted and hybridized to Affymetrix SNP6.0 arrays by the 

Genome Analysis Platform at the Broad Institute as previously described (McCarroll et al., 

2008). The calculated array probe intensities were normalized and combined using 

SNPFileCreator (Li and Hung Wong, 2001) and then processed with Birdseed (Korn et al., 

2008) to yield preliminary copy-number estimates. Segmented relative copy-number profiles 
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were produced by refining and partitioning the preliminary copy-number estimates with 

tangent normalization (Tabak et al., unpublished) and Circular Binary Segmentation (Olshen 

et al., 2004). The segmented relative copy-number profiles for 9,125 samples were selected 

for further analysis. For each disease type, GISTIC2.0 (Mermel et al., 2011) was ran on the 

corresponding copy-number profiles to identify regions undergoing significant focal-level 

and broad-level somatic copy-number aberrations and to obtain gene-level estimates of 

copy-number. The significant genomic amplification lesions and genomic deletion lesions 

identified by GISTIC2.0 were examined to determine if any TGF-β network genes were 

being targeted as potential oncogenic or anti-oncogenic drivers, and the frequency of 

amplifications and deletions across the TGF-β network genes were computed from the gene-

level thresholded copy-number estimates (−2, −1, 0, +1, +2). Genes assigned positive values 

of +1 and +2 were considered amplified, with +1 representing low-level amplification events 

and +2 representing high-level amplification events, and genes with negative values of −1 

and −2 were considered deleted, with −1 representing shallow deletion events and −2 

representing deep deletion events.

GISTIC2.0 is a tool for detecting independently targeted regions of SCNA, based on data-

driven estimation of the background rates of SCNA. GISTIC2.0 used data from SNP arrays, 

thus the successful application of GISTIC2.0 to detect low frequency differences depends on 

the resolution of array or sequencing platform and the population size.

GISTIC identifies somatic alterations that occur significantly more frequently than those 

predicted to occur at random, based on the background rate of copy number changes. The 

issue with this and all significance methods is that the ability to detect rare but meaningful 

driver events depends on the frequencies of their occurrence and on the number of the 

tumors profiled. Tumor types for which few tumors have been profiled and that have 

infrequently occurring copy number alterations, GISTIC may fail to identify rare but 

important somatic events. As more copy number profiles become available through large-

scale tumor sequencing efforts, the ability to detect these rare but significant events will 

increase.

Pathway analysis (Figs. 5, 6, 7, S4A–B)

A pathway topology is generated to link the 43 core TGF-β pathways based on database 

searches in KEGG and Pathway Commons, expert curation and literature searches. The 

pathway diagram is visualized and optimized for layout using the Pathway Mapper program. 

The genomic alteration frequencies for copy number gains or losses and mutations are 

extracted from the cBioPortal and programmatically form the MC3 MAF file. The 

alterations are mapped to each gene in the pathway diagram. In the GI-focused pathway 

analysis, only genes with >3% alteration for either copy number or mutation alterations are 

included in the pathway diagram to capture only those pathways that are substantially 

altered.

Expression signatures of genomic alterations (Figs. 2G–I, 3B, 4A–B)

The gene expression signatures of TGF-β pathway alterations are analyzed with a clustering 

algorithm. The samples with alterations in each core gene and wild type for all TGF-β 
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pathway genes are extracted from the MC3 MAF file. The transcriptional output is 

quantified using expression of 50 downstream genes. The median fold change of 

transcriptional changes are calculated as the ratio of expression of downstream genes among 

all core pathway gene mutated, amplified and deleted samples to expression levels in TGF-β 
pathway wild type samples. The transcriptional changes in each downstream gene vs each 

altered pathway gene is analyzed and visualized with a twoway hierarchical clustered heat 

map. The hierarchical clustering is performed using a Euclidean distance and complete 

linkage. The shift in the transcriptional output shift in different subsets such as PanCancer 

and GI cancers are visualized with a volcano plot with BH based FDR adjusted P values 

calculated with a Wilcoxon signed rank test (null hypothesis is the transcriptional output 

shift in the two subsets are equal to each other) and log fold change of the fold changes in 

PanCancer vs. GI cancers. The global transcriptional output is calculated by comparing fold 

changes due to TGF-β pathway alterations in all transcripts measured.

Gastrointestinal cancers (Figs. 3B, 4, S3A)

The cancer types, Colon Adenocarcinoma (COAD, N=341), Esophageal carcinoma (ESCA, 

N=169), Liver hepatocellular carcinoma (LIHC, N=348), Pancreatic adenocarcinoma 

(PAAD, N=152), Rectum adenocarcinoma (READ, N=118), Stomach adenocarcinoma 

(STAD, N=383) are included as the gastrointestinal (GI) samples. The enrichment of 

genomic TGF-β pathway genomic alterations in the GI cancers was statistically assessed 

using a one tailed Fisher’s exact test, where the null hypothesis was the odds ratio of 

alterations in GI vs other cancers was not greater than 1. The total number of GI samples 

was 1511. The transcriptional outcome of GI cancers with TGF-β pathway disruptions were 

quantified using the same method and downstream target gene list as we did in the analysis 

of transcriptional output from all cancers. The pathway analysis was performed as in the 

case of the PanCancer cohort for each GI cancer type separately. In the pathway analysis, the 

core genes with that >3% alteration frequency for any of the alteration types (mutations, 

copy number amplification or deletion) were included into the pathway diagrams while the 

rest was eliminated.

mRNA expression analysis and pathway activity scores (Figs. 5, 6, 7)

We corrected for batch effects the TCGA mRNA data available from TCGA’s web portal 

(https://portal.gdc.cancer.gov/). The log2 transformed data were used for all the mRNA 

analysis in this project. Pathway scores were generated by first Z-normalizing the values for 

the 43 core genes across all of the samples. The mean across the 43 genes was then 

calculated for each sample to yield the pathway activity score per sample. Unsupervised 

clustering used 1-Pearson’s correlation for the distance metric with Ward’s linkage. One 

limitation of the pathway activity score is that it gives equal weight to all the genes in the 

pathway, meaning that the abundance of each transcript contributes an equal positive value 

to the score. This is not reflective of the biology, for example, some genes encode inhibitors 

of pathway activity, and some components interact with multiple partners and thus may be 

limiting. Another limitation is that the score uses expression of the genes as a surrogate for 

functional protein abundance, which does not account for loss or gain of function due to 

mutations. Thus, the pathway activity score represents a relative estimate not an absolute 

value of pathway function.
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microRNA analysis (Fig. 7)

We corrected the TCGA miRNA data available from TCGA’s web portal (https://

portal.gdc.cancer.gov/) for batch effects. For 9310 primary tumor samples, we used 

MatrixEQTL v2.1.1 or v2.2 (Shabalin 2012 PMID: 22492648) in R 3.4.1 or 3.4.4 to 

calculate Spearman correlations between batch-corrected, normalized expression data for 

miRNA mature strands and gene-level mRNA data for 43 pathway genes. We then filtered 

by records in miRTarBase v6.0 (Chou 2016 PMID: 26590260), retaining both stronger and 

weaker functional interactions. We further filtered by requiring correlations to have a 

coefficient <−0.25 and an FDR <10−6, which resulted in the retention of 40 miR-mRNA 

pairs involving 32 miRNA mature strands. For heat maps, we removed eight mature strands, 

because they were too weakly expressed (<10 RPM) in all or most tumor types, retaining 24 

mature strands. For the main heat map of batch-corrected miRNA-seq data, we identified 

8930 samples from 32 of 33 tumor types that were from primary tumors, metastatic tumors, 

or blood cancers. These samples were represented in the ordered heat map for messenger 

RNAs from the pathway. We ordered the samples to match the sample order in the 

messenger RNA heat map (i.e. with cancer types ordered to have increasing mean pathway 

scores, and samples within a cancer type ordered to have increasing pathway scores). We 

generated a heat map using the pheatmap v1.0.2 package, in R 3.4.1. We generated a similar 

heat map for the 1507 primary tumors present in LIHC, COAD, READ, STAD, ESCA, and 

PAAD data sets. Box plots were generated using the boxplot() function in R. The data 

consisted of the mean miRNA value across the 24 miRNAs. A limitation of this approach is 

that the results are not based on rigorous and objective thresholds for the metrics (like 

correlations or p values). Rather the thresholds were chosen to yield a reasonably small set 

of the most statistically significant miRNAs that were easy to evaluate and visualize for 

human interpretation. Otherwise, the results would appear like the proverbial “hair ball.”

DNA Methylation profiles (Fig. 7)

We mapped the Illumina methylation array probes to individual genes using the Illumina 

Human Methylation 27k R annotation data package. Forty-one of forty-three TGF-β 
pathway genes had at least one probe mapping to their promoter region. For genes with 

multiple probes, median beta values were used. We then calculated median beta value for 

these 41 genes in each sample, and plotted them using the boxplot function in R, grouped by 

cancer type. For the heat maps, we calculated beta values for each of the 41 genes of TGF-β 
pathway and the 33 tumor types by taking median across all samples for a given tumor. We 

then plotted this data as a heat map using the Clustergram function in Matlab. For the 

analysis of the GI methylation data, probes were mapped to TGF-β pathway genes for GI 

cancers (COAD+READ, STAD, ESCA, PAAD and LIHC). Beta values for each gene-

sample pair was visualized as a heat map using the ComplexHeatmaps package, with TGF-β 
pathway genes clustered using Euclidean distances and Ward’s linkage. Box plots were 

generated using the boxplot() function in R. The data consisted of the mean beta value 

across the 41 genes. This method assumes the mean beta value is reflective of the overall 

methylation level of the entire pathway, which may not always hold and is a limitation of the 

approach.
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Correlations of pathway score vs. bootstrapped genes (Supplementary Fig. S5)

Following the calculation of TGF-β pathway scores, the absolute value of the Pearson 

correlation between gene expression values and pathway scores was calculated for all 20,310 

genes where this calculation was possible. Next, 43 correlation values were sampled with 

replacement from the correlation values of the 43 TGF-β pathway genes a total of 10,000 

times, and each time the median sampled correlation was calculated. The same sampling 

procedure was also performed for the TGF-β target genes, where 50 correlation values were 

sampled with replacement from the correlation values of the 50 target genes, and for all 

genes, where 50 correlation values were sampled with replacement from the correlation 

values of all 20,310 genes. The distribution of the 10,000 median correlations for each of the 

three gene sets is shown in Supp. Fig. S5. A p-value was also calculated for each group as 

the proportion of median correlations for the “all genes” group that are greater than or equal 

to the median of each group.

Survival analysis (Fig. 6C–E, S6B–D)

Kaplan-Meier Survival Curves are generated for each patient sub cohort using the Survival 

and Survminer R packages. The statistical significance of survival differences between 

multiple subcohorts were determined using the log-rank test to capture relations. In order to 

segment the cohorts into subgroups characterized by expression levels of the TGF-β target 

genes, we analyzed the distribution of target gene expression across the PanCancer cohort. 

We particularly focused on mRNA expression distribution of HMGA2, MMP9, collagens 

(COL1A1, COL1A2, COL3A1), TERT, FOXP3, CDH2 as the expression of these genes 

varied significantly between TGF-β pathway mutated vs. wild type samples. For this 

purpose, we used the batch normalized mRNA expression data. For each gene, the cut-off to 

separate low and high expressing cohorts was determined empirically based on the 

distribution. For expression profiles with a unimodal distribution, we used the approximate 

median values. For bimodal cases, we selected the threshold as the midpoint that separates 

each peak on the bimodal distribution. The mRNA expression threshold to separate the 

cohorts with low vs. high target expression groups were HMGA2=5, MMP9=10, mean of 

collagens (COL1A, COL1A2, and COL1A3) = 14, TERT=2, FOXP3=6, CDH2=8. The 

collagen genes are analyzed as a single entity because they showed very strong correlation 

of mRNA expression with each other. The resulting thresholds divided the cohorts into three 

groups as TGF-β expression, TGF-β mutant/high target expression, TGF-β wt/high target 

expression and low target gene expression. We merged the TGF-β mutant/low target 

expression and TGF-β wt/low expression cohorts as discriminating between these sets do 

not inform on the combined effect of TGF-β mutations and target expression. The survival 

differences between each sub cohort are analyzed using the Survival and Survminer R 

packages.

DATA AND SOFTWARE AVAILABILITY

The raw data, processed data and clinical data can be found at the legacy archive of the GDC 

(https://portal.gdc.cancer.gov/legacyarchive/search/f) and the PancanAtlas publication page 

(https://gdc.cancer.gov/about-data/publications/pancanatlas). The mutation data can be 

found here (https://gdc.cancer.gov/about-data/publications/mc3-2017). TCGA data can also 
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be explored through the Broad Institute FireBrowse portal (http://gdac.broadinstitute.org) 

and the Memorial Sloan Kettering Cancer Center cBioPortal (http://www.cbioportal.org). 

Details for software availability are in the Key Resources Table.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

ACKNOWLEDGMENTS

This work was supported by the following grants - NCI: U54 HG003273, U54 HG003067, U54 HG003079, U24 
CA143799, U24 CA143835, U24 CA143840, U24 CA143843, U24 CA143845, U24 CA143848, U24 CA143858, 
U24 CA143866, U24 CA143867, U24 CA143882, U24 CA143883, U24 CA144025, U24 CA210949, U24 
CA210950, P30 CA016672, P30 CA016672; DoD: W81XWH-16-1-0237, R01AA023146, BX003732, 
P01CA130821.

Secondary author list:

Amy Blum, Samantha J. Caesar-Johnson, John A. Demchok, Ina Felau, Melpomeni Kasapi, 

Martin L. Ferguson, Carolyn M. Hutter, Heidi J. Sofia, Roy Tarnuzzer, Peggy Wang, Zhining 

Wang, Liming Yang, Jean C. Zenklusen, Jiashan (Julia) Zhang, Sudha Chudamani, Jia Liu, 

Laxmi Lolla, Rashi Naresh, Todd Pihl, Qiang Sun, Yunhu Wan, Ye Wu, Juok Cho, Timothy 

DeFreitas, Scott Frazer, Nils Gehlenborg, Gad Getz, David I. Heiman, Jaegil Kim, Michael 

S. Lawrence, Pei Lin, Sam Meier, Michael S. Noble, Gordon Saksena, Doug Voet, Hailei 

Zhang, Brady Bernard, Nyasha Chambwe, Varsha Dhankani, Theo Knijnenburg, Roger 

Kramer, Kalle Leinonen, Yuexin Liu, Michael Miller, Sheila Reynolds, Ilya Shmulevich, 

Vesteinn Thorsson, Wei Zhang, Rehan Akbani, Bradley M. Broom, Apurva M. Hegde, 

Zhenlin Ju, Rupa S. Kanchi, Anil Korkut, Jun Li, Han Liang, Shiyun Ling, Wenbin Liu, 

Yiling Lu, Gordon B. Mills, Kwok-Shing Ng, Arvind Rao, Michael Ryan, Jing Wang, John 

N. Weinstein, Jiexin Zhang, Adam Abeshouse, Joshua Armenia, Debyani Chakravarty, 

Walid K. Chatila, Ino de Bruijn, Jianjiong Gao, Benjamin E. Gross, Zachary J. Heins, Ritika 

Kundra, Konnor La, Marc Ladanyi, Augustin Luna, Moriah G. Nissan, Angelica Ochoa, 

Sarah M. Phillips, Ed Reznik, Francisco Sanchez-Vega, Chris Sander, Nikolaus Schultz, 

Robert Sheridan, S. Onur Sumer, Yichao Sun, Barry S. Taylor, Jioajiao Wang, Hongxin 

Zhang, Pavana Anur, Myron Peto, Paul Spellman, Christopher Benz, Joshua M. Stuart, 

Christopher K. Wong, Christina Yau, D. Neil Hayes, Joel S. Parker, Matthew D. Wilkerson, 

Adrian Ally, Miruna Balasundaram, Reanne Bowlby, Denise Brooks, Rebecca Carlsen, Eric 

Chuah, Noreen Dhalla, Robert Holt, Steven J.M. Jones, Katayoon Kasaian, Darlene Lee, 

Yussanne Ma, Marco A. Marra, Michael Mayo, Richard A. Moore, Andrew J. Mungall, 

Karen Mungall, A. Gordon Robertson, Sara Sadeghi, Jacqueline E. Schein, Payal 

Sipahimalani, Angela Tam, Nina Thiessen, Kane Tse, Tina Wong, Ashton C. Berger, 

Rameen Beroukhim, Andrew D. Cherniack, Carrie Cibulskis, Stacey B. Gabriel, Galen F. 

Gao, Gavin Ha, Matthew Meyerson, Steven E. Schumacher, Juliann Shih, Melanie H. 

Kucherlapati, Raju S. Kucherlapati, Stephen Baylin, Leslie Cope, Ludmila Danilova, Moiz 

S. Bootwalla, Phillip H. Lai, Dennis T. Maglinte, David J. Van Den Berg, Daniel J. 

Weisenberger, J. Todd Auman, Saianand Balu, Tom Bodenheimer, Cheng Fan, Katherine A. 

Hoadley, Alan P. Hoyle, Stuart R. Jefferys, Corbin D. Jones, Shaowu Meng, Piotr A. 

Mieczkowski, Lisle E. Mose, Amy H. Perou, Charles M. Perou, Jeffrey Roach, Yan Shi, 

Korkut et al. Page 23

Cell Syst. Author manuscript; available in PMC 2019 February 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://gdac.broadinstitute.org
http://www.cbioportal.org


Janae V. Simons, Tara Skelly, Matthew G. Soloway, Donghui Tan, Umadevi Veluvolu, 

Huihui Fan, Toshinori Hinoue, Peter W. Laird, Hui Shen, Wanding Zhou, Michelle Bellair, 

Kyle Chang, Kyle Covington, Chad J. Creighton, Huyen Dinh, HarshaVardhan 

Doddapaneni, Lawrence A. Donehower, Jennifer Drummond, Richard A. Gibbs, Robert 

Glenn, Walker Hale, Yi Han, Jianhong Hu, Viktoriya Korchina, Sandra Lee, Lora Lewis, 

Wei Li, Xiuping Liu, Margaret Morgan, Donna Morton, Donna Muzny, Jireh Santibanez, 

Margi Sheth, Eve Shinbrot, Linghua Wang, Min Wang, David A. Wheeler, Liu Xi, Fengmei 

Zhao, Julian Hess, Elizabeth L. Appelbaum, Matthew Bailey, Matthew G. Cordes, Li Ding, 

Catrina C. Fronick, Lucinda A. Fulton, Robert S. Fulton, Cyriac Kandoth, Elaine R. Mardis, 

Michael D. McLellan, Christopher A. Miller, Heather K. Schmidt, Richard K. Wilson, 

Daniel Crain, Erin Curley, Johanna Gardner, Kevin Lau, David Mallery, Scott Morris, 

Joseph Paulauskis, Robert Penny, Candace Shelton, Troy Shelton, Mark Sherman, Eric 

Thompson, Peggy Yena, Jay Bowen, Julie M. Gastier-Foster, Mark Gerken, Kristen M. 

Leraas, Tara M. Lichtenberg, Nilsa C. Ramirez, Lisa Wise, Erik Zmuda, Niall Corcoran, 

Tony Costello, Christopher Hovens, Andre L. Carvalho, Ana C. de Carvalho, José H. 

Fregnani, Adhemar Longatto-Filho, Rui M. Reis, Cristovam Scapulatempo-Neto, Henrique 

C.S. Silveira, Daniel O. Vidal, Andrew Burnette, Jennifer Eschbacher, Beth Hermes, Ardene 

Noss, Rosy Singh, Matthew L. Anderson, Patricia D. Castro, Michael Ittmann, David 

Huntsman, Bernard Kohl, Xuan Le, Richard Thorp, Chris Andry, Elizabeth R. Duffy, 

Vladimir Lyadov, Oxana Paklina, Galiya Setdikova, Alexey Shabunin, Mikhail Tavobilov, 

Christopher McPherson, Ronald Warnick, Ross Berkowitz, Daniel Cramer, Colleen 

Feltmate, Neil Horowitz, Adam Kibel, Michael Muto, Chandrajit P. Raut, Andrei Malykh, 

Jill S. Barnholtz-Sloan, Wendi Barrett, Karen Devine, Jordonna Fulop, Quinn T. Ostrom, 

Kristen Shimmel, Yingli Wolinsky, Andrew E. Sloan, Agostino De Rose, Felice Giuliante, 

Marc Goodman, Beth Y. Karlan, Curt H. Hagedorn, John Eckman, Jodi Harr, Jerome Myers, 

Kelinda Tucker, Leigh Anne Zach, Brenda Deyarmin, Hai Hu, Leonid Kvecher, Caroline 

Larson, Richard J. Mural, Stella Somiari, Ales Vicha, Tomas Zelinka, Joseph Bennett, Mary 

Iacocca, Brenda Rabeno, Patricia Swanson, Mathieu Latour, Louis Lacombe, Bernard Têtu, 

Alain Bergeron, Mary McGraw, Susan M. Staugaitis, John Chabot, Hanina Hibshoosh, 

Antonia Sepulveda, Tao Su, Timothy Wang, Olga Potapova, Olga Voronina, Laurence 

Desjardins, Odette Mariani, Sergio Roman-Roman, Xavier Sastre, Marc-Henri Stern, 

Feixiong Cheng, Sabina Signoretti, Andrew Berchuck, Darell Bigner, Eric Lipp, Jeffrey 

Marks, Shannon McCall, Roger McLendon, Angeles Secord, Alexis Sharp, Madhusmita 

Behera, Daniel J. Brat, Amy Chen, Keith Delman, Seth Force, Fadlo Khuri, Kelly 

Magliocca, Shishir Maithel, Jeffrey J. Olson, Taofeek Owonikoko, Alan Pickens, Suresh 

Ramalingam, Dong M. Shin, Gabriel Sica, Erwin G. Van Meir, Hongzheng Zhang, Wil 

Eijckenboom, Ad Gillis, Esther Korpershoek, Leendert Looijenga, Wolter Oosterhuis, Hans 

Stoop, Kim E. van Kessel, Ellen C. Zwarthoff, Chiara Calatozzolo, Lucia Cuppini, Stefania 

Cuzzubbo, Francesco DiMeco, Gaetano Finocchiaro, Luca Mattei, Alessandro Perin, Bianca 

Pollo, Chu Chen, John Houck, Pawadee Lohavanichbutr, Arndt Hartmann, Christine Stoehr, 

Robert Stoehr, Helge Taubert, Sven Wach, Bernd Wullich, Witold Kycler, Dawid Murawa, 

Maciej Wiznerowicz, Ki Chung, W. Jeffrey Edenfield, Julie Martin, Eric Baudin, Glenn 

Bubley, Raphael Bueno, Assunta De Rienzo, William G. Richards, Steven Kalkanis, Tom 

Mikkelsen, Houtan Noushmehr, Lisa Scarpace, Nicolas Girard, Marta Aymerich, Elias 

Campo, Eva Giné, Armando López Guillermo, Nguyen Van Bang, Phan Thi Hanh, Bui Duc 

Korkut et al. Page 24

Cell Syst. Author manuscript; available in PMC 2019 February 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Phu, Yufang Tang, Howard Colman, Kimberley Evason, Peter R. Dottino, John A. 

Martignetti, Hani Gabra, Hartmut Juhl, Teniola Akeredolu, Serghei Stepa, Dave Hoon, 

Keunsoo Ahn, Koo Jeong Kang, Felix Beuschlein, Anne Breggia, Michael Birrer, Debra 

Bell, Mitesh Borad, Alan H. Bryce, Erik Castle, Vishal Chandan, John Cheville, John A. 

Copland, Michael Farnell, Thomas Flotte, Nasra Giama, Thai Ho, Michael Kendrick, Jean-

Pierre Kocher, Karla Kopp, Catherine Moser, David Nagorney, Daniel O’Brien, Brian 

Patrick O’Neill, Tushar Patel, Gloria Petersen, Florencia Que, Michael Rivera, Lewis 

Roberts, Robert Smallridge, Thomas Smyrk, Melissa Stanton, R. Houston Thompson, 

Michael Torbenson, Ju Dong Yang, Lizhi Zhang, Fadi Brimo, Jaffer A. Ajani, Ana Maria 

Angulo Gonzalez, Carmen Behrens, Jolanta Bondaruk, Russell Broaddus, Bogdan Czerniak, 

Bita Esmaeli, Junya Fujimoto, Jeffrey Gershenwald, Charles Guo, Alexander J. Lazar, 

Christopher Logothetis, Funda Meric-Bernstam, Cesar Moran, Lois Ramondetta, David 

Rice, Anil Sood, Pheroze Tamboli, Timothy Thompson, Patricia Troncoso, Anne Tsao, 

Ignacio Wistuba, Candace Carter, Lauren Haydu, Peter Hersey, Valerie Jakrot, Hojabr 

Kakavand, Richard Kefford, Kenneth Lee, Georgina Long, Graham Mann, Michael Quinn, 

Robyn Saw, Richard Scolyer, Kerwin Shannon, Andrew Spillane, Jonathan Stretch, Maria 

Synott, John Thompson, James Wilmott, Hikmat Al-Ahmadie, Timothy A. Chan, Ronald 

Ghossein, Anuradha Gopalan, Douglas A. Levine, Victor Reuter, Samuel Singer, Bhuvanesh 

Singh, Nguyen Viet Tien, Thomas Broudy, Cyrus Mirsaidi, Praveen Nair, Paul Drwiega, 

Judy Miller, Jennifer Smith, Howard Zaren, Joong-Won Park, Nguyen Phi Hung, Electron 

Kebebew, W. Marston Linehan, Adam R. Metwalli, Karel Pacak, Peter A. Pinto, Mark 

Schiffman, Laura S. Schmidt, Cathy D. Vocke, Nicolas Wentzensen, Robert Worrell, Hannah 

Yang, Marc Moncrieff, Chandra Goparaju, Jonathan Melamed, Harvey Pass, Natalia 

Botnariuc, Irina Caraman, Mircea Cernat, Inga Chemencedji, Adrian Clipca, Serghei Doruc, 

Ghenadie Gorincioi, Sergiu Mura, Maria Pirtac, Irina Stancul, Diana Tcaciuc, Monique 

Albert, Iakovina Alexopoulou, Angel Arnaout, John Bartlett, Jay Engel, Sebastien Gilbert, 

Jeremy Parfitt, Harman Sekhon, George Thomas, Doris M. Rassl, Robert C. Rintoul, Carlo 

Bifulco, Raina Tamakawa, Walter Urba, Nicholas Hayward, Henri Timmers, Anna 

Antenucci, Francesco Facciolo, Gianluca Grazi, Mirella Marino, Roberta Merola, Ronald de 

Krijger, Anne-Paule Gimenez-Roqueplo, Alain Piché, Simone Chevalier, Ginette 

McKercher, Kivanc Birsoy, Gene Barnett, Cathy Brewer, Carol Farver, Theresa Naska, 

Nathan A. Pennell, Daniel Raymond, Cathy Schilero, Kathy Smolenski, Felicia Williams, 

Carl Morrison, Jeffrey A. Borgia, Michael J. Liptay, Mark Pool, Christopher W. Seder, 

Kerstin Junker, Larsson Omberg, Mikhail Dinkin, George Manikhas, Domenico Alvaro, 

Maria Consiglia Bragazzi, Vincenzo Cardinale, Guido Carpino, Eugenio Gaudio, David 

Chesla, Sandra Cottingham, Michael Dubina, Fedor Moiseenko, Renumathy Dhanasekaran, 

Karl-Friedrich Becker, Klaus-Peter Janssen, Julia Slotta-Huspenina, Mohamed H. Abdel-

Rahman, Dina Aziz, Sue Bell, Colleen M. Cebulla, Amy Davis, Rebecca Duell, J. Bradley 

Elder, Joe Hilty, Bahavna Kumar, James Lang, Norman L. Lehman, Randy Mandt, Phuong 

Nguyen, Robert Pilarski, Karan Rai, Lynn Schoenfield, Kelly Senecal, Paul Wakely, Paul 

Hansen, Ronald Lechan, James Powers, Arthur Tischler, William E. Grizzle, Katherine C. 

Sexton, Alison Kastl, Joel Henderson, Sima Porten, Jens Waldmann, Martin Fassnacht, 

Sylvia L. Asa, Dirk Schadendorf, Marta Couce, Markus Graefen, Hartwig Huland, Guido 

Sauter, Thorsten Schlomm, Ronald Simon, Pierre Tennstedt, Oluwole Olabode, Mark 

Nelson, Oliver Bathe, Peter R. Carroll, June M. Chan, Philip Disaia, Pat Glenn, Robin K. 

Korkut et al. Page 25

Cell Syst. Author manuscript; available in PMC 2019 February 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Kelley, Charles N. Landen, Joanna Phillips, Michael Prados, Jeff Simko, Jeffry Simko, 

Karen Smith-McCune, Scott VandenBerg, Kevin Roggin, Ashley Fehrenbach, Ady Kendler, 

Suzanne Sifri, Ruth Steele, Antonio Jimeno, Francis Carey, Ian Forgie, Massimo Mannelli, 

Michael Carney, Brenda Hernandez, Benito Campos, Christel Herold-Mende, Christin 

Jungk, Andreas Unterberg, Andreas von Deimling, Aaron Bossler, Joseph Galbraith, Laura 

Jacobus, Michael Knudson, Tina Knutson, Deqin Ma, Mohammed Milhem, Rita Sigmund, 

Andrew K. Godwin, Rashna Madan, Howard G. Rosenthal, Clement Adebamowo, Sally N. 

Adebamowo, Alex Boussioutas, David Beer, Thomas Giordano, Anne-Marie Mes-Masson, 

Fred Saad, Therese Bocklage, Lisa Landrum, Robert Mannel, Kathleen Moore, Katherine 

Moxley, Russel Postier, Joan Walker, Rosemary Zuna, Michael Feldman, Federico 

Valdivieso, Rajiv Dhir, James Luketich, Edna M. Mora Pinero, Mario Quintero-Aguilo, 

Carlos Gilberto Carlotti, Jr., Jose Sebastião Dos Santos, Rafael Kemp, Ajith Sankarankuty, 

Daniela Tirapelli, James Catto, Kathy Agnew, Elizabeth Swisher, Jenette Creaney, Bruce 

Robinson, Carl Simon Shelley, Eryn M. Godwin, Sara Kendall, Cassaundra Shipman, Carol 

Bradford, Thomas Carey, Andrea Haddad, Jeffey Moyer, Lisa Peterson, Mark Prince, Laura 

Rozek, Gregory Wolf, Rayleen Bowman, Kwun M. Fong, Ian Yang, Robert Korst, W. 

Kimryn Rathmell, J. Leigh Fantacone-Campbell, Jeffrey A. Hooke, Albert J. Kovatich, Craig 

D. Shriver, John DiPersio, Bettina Drake, Ramaswamy Govindan, Sharon Heath, Timothy 

Ley, Brian Van Tine, Peter Westervelt, Mark A. Rubin, Jung Il Lee, Natália D. Aredes, 

Armaz Mariamidze, Anant Agrawal, Jaeil Ahn, Jordan Aissiou, Dimitris Anastassiou, Jesper 

B. Andersen, Jurandyr M. Andrade, Marco Antoniotti, Jon C. Aster, Donald Ayer, Matthew 

H. Bailey, Rohan Bareja, Adam J. Bass, Azfar Basunia, Oliver F. Bathe, Rebecca Batiste, 

Oliver Bear Don’t Walk, Davide Bedognetti, Gloria Bertoli, Denis Bertrand, Bhavneet 

Bhinder, Gianluca Bontempi, Dante Bortone, Donald P. Bottaro, Paul Boutros, Kevin 

Brennan, Chaya Brodie, Scott Brown, Susan Bullman, Silvia Buonamici, Tomasz 

Burzykowski, Lauren Averett Byers, Fernando Camargo, Joshua D. Campbell, Francisco J. 

Candido dos Reis, Shaolong Cao, Maria Cardenas, Helio H.A. Carrara, Isabella Castiglioni, 

Anavaleria Castro, Claudia Cava, Michele Ceccarelli, Shengjie Chai, Kridsadakorn 

Chaichoompu, Matthew T. Chang, Han Chen, Haoran Chen, Hu Chen, Jian Chen, Jianhong 

Chen, Ken Chen, Ting-Wen Chen, Zhong Chen, Zhongyuan Chen, Hui Cheng, Hua-Sheng 

Chiu, Cai Chunhui, Giovanni Ciriello, Cristian Coarfa, Antonio Colaprico, Lee Cooper, 

Daniel Cui Zhou, Aedin C. Culhane, Christina Curtis, Patrycja Czerwińska, Aditya 

Deshpande, Lixia Diao, Michael Dill, Di Du, Charles G. Eberhart, James A. Eddy, Robert N. 

Eisenman, Mohammed Elanbari, Olivier Elemento, Kyle Ellrott, Manel Esteller, Farshad 

Farshidfar, Bin Feng, Camila Ferreira de Souza, Esla R. Flores, Steven Foltz, Mitchell T. 

Frederick, Qingsong Gao, Carl M. Gay, Zhongqi Ge, Andrew J. Gentles, Olivier Gevaert, 

David L. Gibbs, Adam Godzik, Abel Gonzalez-Perez, Marc T. Goodman, Dmitry A. 

Gordenin, Carla Grandori, Alex Graudenzi, Casey Greene, Justin Guinney, Margaret L. 

Gulley, Preethi H. Gunaratne, A. Ari Hakimi, Peter Hammerman, Leng Han, Holger Heyn, 

Le Hou, Donglei Hu, Kuan-lin Huang, Joerg Huelsken, Scott Huntsman, Peter Hurlin, 

Matthias Hüser, Antonio Iavarone, Marcin Imielinski, Mirazul Islam, Jacek Jassem, Peilin 

Jia, Cigall Kadoch, Andre Kahles, Benny Kaipparettu, Bozena Kaminska, Havish Kantheti, 

Rachel Karchin, Mostafa Karimi, Ekta Khurana, Pora Kim, Leszek J. Klimczak, Jia Yu Koh, 

Alexander Krasnitz, Nicole Kuderer, Tahsin Kurc, David J. Kwiatkowski, Teresa Laguna, 

Martin Lang, Anna Lasorella, Thuc D. Le, Adrian V. Lee, Ju-Seog Lee, Steve Lefever, 

Korkut et al. Page 26

Cell Syst. Author manuscript; available in PMC 2019 February 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Kjong Lehmann, Jake Leighton, Chunyan Li, Lei Li, Shulin Li, David Liu, Eric Minwei Liu, 

Jianfang Liu, Rongjie Liu, Yang Liu, William J.R. Longabaugh, Nuria Lopez-Bigas, Li Ma, 

Wencai Ma, Karen MacKenzie, Andrzej Mackiewicz, Dejan Maglic, Raunaq Malhotra, 

Tathiane M. Malta, Calena Marchand, R. Jay Mashl, Sylwia Mazurek, Pieter Mestdagh, 

Chase Miller, Marco Mina, Lopa Mishra, Younes Mokrab, Raymond Monnat, Jr., Nate 

Moore, Nathanael Moore, Loris Mularoni, Niranjan Nagarajan, Aaron M. Newman, Vu 

Nguyen, Michael L. Nickerson, Akinyemi I. Ojesina, Catharina Olsen, Sandra Orsulic, Tai-

Hsien Ou Yang, James Palacino, Yinghong Pan, Elena Papaleo, Sagar Patil, Chandra Sekhar 

Pedamallu, Shouyong Peng, Xinxin Peng, Arjun Pennathur, Curtis R. Pickering, Christopher 

L. Plaisier, Laila Poisson, Eduard Porta-Pardo, Marcos Prunello, John L. Pulice, Charles 

Rabkin, Janet S. Rader, Kimal Rajapakshe, Aruna Ramachandran, Shuyun Rao, Xiayu Rao, 

Benjamin J. Raphael, Gunnar Rätsch, Brendan Reardon, Christopher J. Ricketts, Jason 

Roszik, Carlota Rubio-Perez, Ryan Russell, Anil Rustgi, Russell Ryan, Mohamad Saad, 

Thais Sabedot, Joel Saltz, Dimitris Samaras, Franz X. Schaub, Barbara G. Schneider, Adam 

Scott, Michael Seiler, Sara Selitsky, Sohini Sengupta, Jose A. Seoane, Jonathan S. Serody, 

Reid Shaw, Yang Shen, Tiago Silva, Pankaj Singh, I.K. Ashok Sivakumar, Christof Smith, 

Artem Sokolov, Junyan Song, Pavel Sumazin, Yutong Sun, Chayaporn Suphavilai, Najeeb 

Syed, David Tamborero, Alison M. Taylor, Teng Teng, Daniel G. Tiezzi, Collin Tokheim, 

Nora Toussaint, Mihir Trivedi, Kenneth T. Tsai, Aaron D. Tward, Eliezer Van Allen, John S. 

Van Arnam, Kristel Van Steen, Carter Van Waes, Christopher P. Vellano, Benjamin Vincent, 

Nam S. Vo, Vonn Walter, Chen Wang, Fang Wang, Jiayin Wang, Sophia Wang, Wenyi Wang, 

Yue Wang, Yumeng Wang, Zehua Wang, Zeya Wang, Zixing Wang, Gregory Way, Amila 

Weerasinghe, Michael Wells, Michael C. Wendl, Cecilia Williams, Joseph Willis, Denise 

Wolf, Karen Wong, Yonghong Xiao, Lu Xinghua, Bo Yang, Da Yang, Liuqing Yang, Kai Ye, 

Hiroyuki Yoshida, Lihua Yu, Sobia Zaidi, Huiwen Zhang, Min Zhang, Xiaoyang Zhang, 

Tianhao Zhao, Wei Zhao, Zhongming Zhao, Tian Zheng, Jane Zhou, Zhicheng Zhou, 

Hongtu Zhu, Ping Zhu, Michael T. Zimmermann, Elad Ziv, and Patrick A. Zweidler-McKay

ABBREVIATIONS

Abbreviations of the 33 TCGA Cancer Types:

ACC Adrenocortical carcinoma

BLCA Bladder urothelial carcinoma

BRCA Breast invasive carcinoma

CESC Cervical squamous cell carcinoma and endocervical adenocarcinoma

CHOL Cholangiocarcinoma

COAD Colon adenocarcinoma

DLBC Lymphoid neoplasm diffuse large B-cell lymphoma

ESCA Esophageal carcinoma

GBM Glioblastoma multiforme
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HNSC Head and neck squamous cell carcinoma

KICH Kidney chromophobe

KIRC Kidney renal clear cell carcinoma

KIRP Kidney renal papillary cell carcinoma

LAML Acute myeloid leukemia

LGG Brain lower grade glioma

LIHC Liver hepatocellular carcinoma

LUAD Lung adenocarcinoma

LUSC Lung squamous cell carcinoma

MESO Mesothelioma

OV Ovarian serous cystadenocarcinoma

PAAD Pancreatic adenocarcinoma

PCPG Pheochromocytoma and paraganglioma

PRAD Prostate adenocarcinoma

READ Rectum adenocarcinoma

SARC Sarcoma

SKCM Skin cutaneous melanoma

STAD Stomach adenocarcinoma

TGCT Testicular germ cell tumors

THCA Thyroid carcinoma

THYM Thymoma

UCEC Uterine corpus endometrial carcinoma

UCS Uterine carcinosarcoma

UVM Uveal melanoma
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Highlights

• Genetic alterations in TGF-β pathway members observed in 39% of TCGA 

cases

• GI Cancers enriched with hotspot mutations in TGF-β pathway members

• Gene alterations correlated with expression of metastasis genes and poor 

prognosis

• TGF-β signaling silenced by miRNAs or DNA methylation in hematologic 

cancers
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Figure 1. 
A. The canonical TGF-β pathway. TGF-β superfamily member ligands bind to type II 

receptors, leading to recruitment and activation of type I receptors through phosphorylation. 

Subsequently, the activated receptors phosphorylate intracellular Receptor-SMADs (R-

SMAD), such as SMAD2 and SMAD3, which bind to the receptor through adaptor 

molecules. The RSMAD/co-SMAD (SMAD2/3-SMAD4) complex is transported into the 

nucleus to induce transcriptional programs regulated by the TGF-β superfamily. B. 
Landscape of genomic aberrations in the TGF-β superfamily genes in cancer. The 

frequency of alterations in TGF-β superfamily ligands, receptors and receptor-associated 

proteins, intracellular SMADs, and adaptor molecules are presented. Only samples with 

genomic alterations in the indicated genes are shown in each oncoprint. Alteration rates per 

gene and gene family are displayed in the left and top labels, respectively. See also STAR 

Methods, Figure S1 and Tables S1 and S2.
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Figure 2. PanCancer genomic analysis of the 43 TGF-β superfamily pathway genes in 33 cancer 
types.
A-C. Distribution of genomic alterations over cancer types. (A) Non-silent somatic 

mutations, (B) copy number amplifications, (C) homozygous deletion frequencies. SKCM, 

UCEC, STAD, and COAD show high overall mutation rates. D-F. Statistical significance of 
alterations in the TGF-β superfamily pathway genes. Genes that were significantly 

mutated or targets of copy-number alteration based on MutSigCV results (D) and GISTIC2 

(E-F) analyses. Only the genes altered significantly in at least one cancer type are included. 

G-I. Transcriptional output associated with alterations in the TGF-β superfamily 
pathway genes. Differential mRNA expression of key genes downstream of the TGF-β 
superfamily pathways including mutations (G), amplifications (H), and deep deletions (I). 
See also Figure S2 and Tables S2-S4.
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Figure 3. Mutational hotspots in the TGF-β superfamily pathways.
A. Recurrent hotspot sites. Hotspots with > 9 incidents are shown. B. Transcriptional 
output of pathway hotspot mutations in GI and PanCancer cohorts. Differential mRNA 

expression of 50 TGF-β pathway target genes quantified in relation to 6 hotspot mutations in 

the PanCancer cohort (left) and GI cancers (right). C. SMAD4 R361C/H/P/S. R361 is 

located on the SMAD4 homotrimer interaction interface, as shown on the SMAD4 structure 

(PDB ID: 1DD1). D. ACVR2A K437E. K437 is marked on the structure of the ACVR2A 

C-terminal kinase domain (PDB ID: 4ASX). E. SMAD2. Position and putative effect of the 

C-terminal truncation mutation S464* are shown. See also Figure S3.
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Figure 4. Comparison of TGF-β superfamily pathway activity and gene aberrations.
A. The TGF-β superfamily pathway gene expression signature in GI cancers. Heat map 

indicating the effects of non-silent somatic mutations in the 43 TGF-β pathway genes on 

expression of downstream target genes for 1,511 samples of 5 GI cancer types. Color 

reflects the log ratio of median expression in samples that carry the alteration vs. samples 

that are wild-type (y-axis). B. The TGF-β superfamily pathway gene expression 
signature in non-GI cancers. Same analysis as (A) for 7,614 samples of 27 non-GI cancer 

types. C. Comparison of disrupted TGF-β superfamily pathway activity in GI and 
other cancers. Volcano plots for 43 TGF-β pathway genes in GI vs. other cancers. Fold 

changes (x-axis) were calculated from the median log ratio of mRNA expression across 50 

downstream target genes (normalized to median levels in samples wild type for the 43 TGF-

β pathway genes) associated with mutations in GI vs. other cancers. Red Q-values (y-axis) 

identify genes with statistically significant changes in GI vs. other cancers. Q-values were 

calculated by Wilcoxon Signed-Rank test for each pathway gene, followed by Benjamini–
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Hochberg (BH) FDR adjustment. D. Differential expression of TGF-β superfamily 
pathway target genes in GI and other cancers. The same as C but for TGF-β pathway 

target genes. E. Comparison of global transcriptional output. The ratio of TGF-β target 

gene expression in samples with and without gene alterations. Genes listed include the 

highest absolute mRNA expression changes (top 20 increases and top 20 decreases) in the 

presence of alterations of the 43 TGF-β superfamily gene. See also Figure S4.
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Figure 5. mRNA analysis of TGF-β superfamily pathway genes.
A. TGF-β superfamily pathway activity across PanCancer tumor types. Box plot 

showing the distribution of sample-specific pathway scores across each cancer type. Scores 

were computed using mRNA transcript levels of genes in the superfamily. The median, 

interquartile range, and outliers are indicated. B. Supervised clustering of mRNA 
expression. mRNA expression values for the 43 genes, clustered from left to right by tumor 

type, then by TGF-β superfamily pathway score. See also STAR Methods.
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Figure 6. Correlation of TGF-β superfamily genes with other cancer-related pathways and genes.
A. Clustered heat map of pairwise correlations between TGF-β pathway gene 
expression and that of 50 downstream target genes. Unsupervised hierarchical clustering 

was conducted with 1-Pearson’s correlation distance metric and Ward’s linkage. The 

covariate bar on each axis shows median expression values. B. Clustered heat map of 
correlations between TGF-β pathway activity score and 12 other cancer-associated 
pathways. Oncogenic pathway activity scores (y-axis) were computed from protein data, 

except for EMT (mRNA) and immune scores (DNA methylation). C. Impact of TGF-β 
pathway-associated HMGA2 mRNA expression on patient survival. 10-year survival of 

patients with TGF-β pathway mutations (TGF-β mutant) and high HMGA2 expression 

(High HMGA2), no mutations in the TGF-β pathway genes (TGF-β wild-type) and high 

HMGA2 expression, and low HMGA2 expression (regardless of mutation status of 43 
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genes) was compared in a Kaplan Meier analysis. Statistical significance was assessed by 

log-rank test (see STAR Methods and figure S6 for selection of high and low expression 

level thresholds) D. Impact of collagen-encoding gene (COL1A1, COL1A2, COL3A1) 
mRNA expression on patient survival. The same analysis as in (C) was performed for 

aggregated mRNA expression of three collagen genes that showed increased expression in 

cancers with TGF-β pathway gene mutations. E. Impact of MMP9 mRNA expression on 
patient survival. The same analysis as in (C) was performed for the impact of MMP9 
expression on patient survival by comparing high MMP9/TGF-β pathway mutations, high 

MMP9/wild-type TGF-β pathway, and low MMP9. See also Figures S5 and S6 and Table 

S6.
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Figure 7. Epigenetic control of the TGF-β superfamily pathways.
A. Methylation levels. Boxes quantify the degree of methylation across the 43 TGF-β genes 

in a given tumor type. The methylation score is calculated from the median for each gene in 

a given sample. Scores are grouped by tumor type. B. Supervised cluster analysis of 
methylation patterns. Methylation patterns were clustered as in Figure 6A. Methylation 

levels were quantified as M-values by first mapping methylation array probes to individual 

genes. A median beta value for each gene was then calculated as the median beta value 

across all samples for a given cancer type. C. microRNA levels. Box plot showing the mean 

miRNA expression levels for the 32 miRNAs that regulate the indicated genes in the TGF-β 
superfamily pathways. D. microRNA regulation. Inferred miR-mRNA targeting for 15 

TGF-β superfamily pathway genes by the 32 miRNAs. E. Abundance of miRNAs 
predicted to target the TGF-β superfamily pathway genes. The heat map illustrates 

miRNA abundance for 8,930 tumor samples from 32 of the 33 TCGA tumors (GBM 

excluded, no miRNA data in TCGA). F. Contribution of data type to TGF-β superfamily 
pathways score. Tumor types (columns) ordered from lowest (left) to highest (right) TGF-β 
superfamily pathway score. Mean miRNA expression levels normalized between 0 and 1 

yielded the highest overall correlation with pathway score (R = −0.68). Mean DNA 

methylation beta values normalized between 0 and 1 had the next highest correlation (R = 

−0.46). Amplifications (R = 0.24), deletions (R = 0.09), and mutations (R = −0.05) represent 
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proportions of samples with the given type of aberration in at least one of the 43 TGF-β 
genes. See also Figure S7 and Tables S5-S7
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