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Summary

Alternative splicing changes are frequently observed in cancer and are starting to be recognized
as important signatures for tumor progression and therapy. However, their functional impact and
relevance to tumorigenesis remains mostly unknown. We carried out a systematic analysis to
characterize the potential functional consequences of alternative splicing changes in thousands
of tumor samples. This analysis revealed that a subset of alternative splicing changes affect
protein domain families that are frequently mutated in tumors, potentially disrupt protein—protein
interactions in cancer-related pathways, and are mutually exclusive with mutations in multiple
cancer drivers. Moreover, there is a negative correlation between the number of these
alternative splicing changes in a sample and the number of somatic mutations in drivers. We
propose that a subset of the alternative splicing changes observed in tumors represents
independent oncogenic processes and could potentially be considered alternative splicing

drivers (AS-drivers).

Introduction

Alternative splicing provides the potential to generate diversity at RNA and protein levels from
an apparently limited number of genes in the genome (Yang et al., 2016). Besides being a
critical mechanism during development, cell differentiation, and regulation of cell-type-specific

functions (Norris and Calarco, 2012), alternative splicing is also involved in multiple pathologies,
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including cancer (Chabot and Shkreta, 2016). Many alternative splicing changes can essentially
recapitulate cancer-associated phenotypes, for instance, by promoting angiogenesis (Vorlova et
al, 2011), inducing cell proliferation (Yanagisawa et al., 2008), or avoiding apoptosis (Karni et
al., 2007). Alternative splicing in tumors can appear as a consequence of somatic mutations that
disrupt splicing regulatory motifs in exons and introns (Jung et al., 2015; Supek et al., 2014), as
well as through mutations or expression changes in core and auxiliary splicing factors, which
impact the splicing of cancer-related genes (Alsafadi et al., 2016; Bechara et al., 2013; Darman
et al., 2015; Madan et al., 2015; Sebestyén et al., 2016; Zong et al., 2014).

Alterations in alternative splicing are also emerging as relevant targets of therapy. This is the
case with an exon-skipping event in MET observed in a number of lung cancer patients,
resulting in a deletion of the protein region that inhibits its kinase catalytic activity (Kong-Beltran
et al., 2006; Ma et al., 2003). Tumors that show an exon skipping in the proto-oncogene MET
respond to MET-targeted therapies despite not having any other activating alteration in this
gene (Frampton et al., 2015; Paik et al., 2015). Furthermore, alternative splicing is important in
drug resistance. For instance, although an effective targeted treatment exists for patients with
mutations in the kinase domain of BRAF (Davies et al., 2002), a considerable number of non-
responders express a BRAF isoform lacking exons 4-8, which encompass the RAS binding
domain (Poulikakos et al., 2011). Small-molecule modulators of pre-mRNA splicing are capable
of restoring the original BRAF splicing and reduce growth of therapy-resistant cells (Salton et al,
2015). Similarly, alternative splicing also impacts immunotherapy in cancer in relation to the
aberrant activity of the splicing factor SRSF3 (Sotillo et al., 2015). Thus, specific alterations in
pre-mRNA splicing may provide a selective advantage to tumor cells and could represent direct
targets of therapy. This also raises the question of whether splicing changes may act as cancer

driver events.

Multiple studies have shown frequent splicing changes in tumors compared with normal tissues
or during tumor progression and metastasis (Danan-Gotthold et al., 2015; Lu et al., 2015;
Sebestyén et al., 2016, 2015; Trincado et al., 2016). However, the functional impact of most of
these splicing changes and their possible role as drivers of cancer is not known yet. Alternative
splicing changes can have diverse effects on the structure of the resulting protein and hence

confer radical functional changes (Wang et al., 2005), remodel the network of protein—protein
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interactions in a tissue-specific manner (Buljan et al., 2012; Ellis et al., 2012), and expand the
protein interaction capabilities of genes (Yang et al., 2016). We hypothesized that a subset of
splicing changes in tumors may trigger oncogenic mechanisms through the disruption of specific

protein domains and protein—protein interactions.

Here we present a systematic evaluation of the potential functional impact of recurrent
alternative splicing changes observed in cancer samples. We described splicing changes in
terms of transcript isoform switches in each tumor sample and determined the protein features
and protein—protein interactions affected by them, and their relation to cancer drivers. Our
analysis revealed a set of isoform switches that affect protein domains from families frequently
mutated in tumors, remodel the protein interaction network of cancer drivers, and tend to occur
in patients with no mutations in known cancer drivers. We propose that these isoform switches
with driver-like properties, AS-drivers, play an important role in the neoplastic process

independently of or in conjunction with existing mutations in cancer drivers.

Results

Isoform switches in cancer tend to reduce the protein coding potential

With the aim of defining potential alternative splicing drivers (AS-drivers) of cancer, we analyzed
the expression of human transcript isoforms in 4,542 samples from 11 cancer types from TCGA
(STAR Methods). We used transcript isoforms to describe splicing changes, as they represent
the endpoint of transcription and splicing and they ultimately determine the functional capacity of
cells. For each gene and each patient sample we determined whether there was an isoform
switch, defined as a differential transcript isoform usage between a tumor sample and the
normal samples. Each isoform switch was thus defined per patient as a pair of transcripts, which
we named the tumor and the normal isoforms, such that the change in relative abundance of the
tumor isoform between the normal samples and the tumor sample was higher than expected by
the variability in normal samples, and such that the gene showed no differential expression
between tumor and normal samples. Additionally, we did not consider switches with a significant
association with stromal or immune cell content, as we could not be sure whether they were

actually present in tumor cells (STAR Methods).
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In all patients we found a total of 8,122 different isoform switches in 6,442 genes that described
consistent changes in the transcriptome of the tumor samples and that would not be observable
by simply measuring gene expression (Figure 1A and Table S1). Using SUPPA (Alamancos et
al., 2015) we calculated the relation of the calculated switches with local alternative splicing
(AS) events (STAR Methods). From the 8122 switches, 5667 (69.7%) were mapped to one or
more local alternative splicing events. Comparing to the expected proportion of event types, we
observed an enrichment of events of type alternative 5’ss (A5), alternative first exon (AF) and
retained intron (RI), and a depletion of events of type alternative 3’ss (A3), alternative last exon
(AL), mutually exclusive exons (MX) and exon-cassette (SE) (Figure S1A). We further
calculated which of the two forms of the event corresponded to the tumor isoform (STAR
Methods). Rl events were enriched towards the retention of the intron, in agreement with
previous observations (Dvinge and Bradley, 2015), whereas SE events were enriched for the
skipping of the cassette exon (Figure S1B). Interestingly, 30,3% of the switches were not
mapped to any local alternative splicing event, indicating that our description in terms of
transcripts provides a wider spectrum of RNA variations than that described by local alternative

splicing events.

Isoform switches in cancer are frequently associated with protein feature

losses

We next studied the proteins encoded by the transcripts involved in the switches. Interestingly,
tumor protein isoforms tended to be shorter than protein isoforms in normal tissues (Figure
S1C). Moreover, while for most switches — 6,937 (85,41%) — both transcript isoforms coded
for protein, the rest of them had a significantly higher proportion of cases for which only the
normal transcript isoform was protein-coding (9.01% vs. 2.8%, binomial test p-value < 2.2e-16)
(Table S1), suggesting that isoform switches in tumors are associated with the loss of protein
coding capacity. To determine the potential functional impact of the calculated isoform switches,
we determined the protein features they affected (STAR Methods). Out of the 6,937 switches
where both transcript isoforms coded for proteins, 5,047 (72.75%) involved a change in at least
one of the following functional features: Pfam domains, Prosite patterns, general disordered

regions, disordered regions with potential to mediate protein—protein interactions, and protein
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loops (Figure S1D). Interestingly, protein features are more frequently lost than gained (Figure
1B) and a large number of switches only affected disordered regions, with more than a half of
them being related to protein-protein interactions (Figure S1D). We compared the switches that
affect protein features with 100 sets of simulated switches, controlling for normal and tumor
isoform expression (STAR Methods). Remarkably, isoform switches in tumors had more protein
feature losses than expected by chance (Fisher's exact test p-value < 1.45e-08, odds-ratio >
1.29), despite the fact that for the simulated switches the normal protein isoform also tended to
be longer than the tumor protein isoform (Figure S1E). This indicates that isoform switches in

cancer are strongly associated with the loss of protein function capabilities.

We focused on isoform switches that showed a gain or loss in at least one protein feature,
which we called functional switches, as they were likely to impact gene activity. There were
6004 (73,9%) functional switches (Table S1). These functional switches included 729 (8,9%)
and 228 (2,8%) cases for which only the normal or the tumor isoform, respectively, coded for a
protein with one or more predicted protein features. Interestingly, functional switches were
enriched in cancer drivers (Fisher's exact test p-value = 2.034e-05, OR = 1.965) (Figure S1F).
Among the top cancer driver genes with switches we identified a recurrent switch in RAC1
(Figure 1C), which was linked before to tumor initiation and progression (Zhou et al., 2012) and
which we predicted to gain an extra Ras family domain. We also found a recurrent switch in
TP53 that changed to a non-coding isoform and a switch in ERBB2 that removed one of the
receptor domains and does not coincided with splicing changes previously described for this

gene in tumors (Jackson et al., 2013).

To characterize how functional switches affect protein function, we calculated the enrichment of
gains or losses of specific domain families (STAR Methods). To ensure that this was attributed
to a switch and not to the co-occurrence of two domains, for a domain to be considered for
enrichment we imposed a minimum of two switches in different genes affecting the domain. We
detected 220 and 41 domain families exclusively lost or gained, respectively, and 13 that were
both gained and lost, more frequently than expected by chance and in at least two different
switches (Table S2). Functional categories of domain families with significant losses in switches
included the regulation of protein activity (Figure 1D), suggesting effects on protein-protein
interactions. To further characterize these functional switches, we calculated the proportion of

cancer drivers annotated as oncogenes or tumor suppressors that contained domain families
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enriched in gains or losses using the reference proteome. From the 69 cancer drivers that
contained domains enriched in gains, 58 (84%) correspond to oncogenes (Fisher’s exact test p-
value = 0.0066, odds-ratio 0.40). Although we did not find an enrichment of domain losses in
tumor suppressors, domain families significantly gained in switches occur more frequently in
oncogenes than in tumor suppressors (Wilcoxon test p-value = 0.0009) (STAR Methods). These
results suggest a similarity between our functional isoform switches and oncogenic mechanisms

in cancer.

Isoform switches and somatic mutations affect similar domain families

Isoform switches and somatic mutations are part of an intertwined continuum of alterations in
cells that may be connected by a multitude of relationships. We conducted various comparisons
using our switches and cis-occurring mutations from whole exome (WES) and whole genome
(WGS) sequencing data (STAR Methods). The frequencies of genes or samples with functional
switches were generally similar to those for protein-affecting mutations (PAMs) and smaller than
the frequencies for all mutations from WGS data (Figures S2A and S2B), indicating a similar
prevalence of switches and PAMs but not for switches and WGS mutations Since in our
approach we calculated switches per patient, we were able to study how these distribute across
patients in relation to mutations. We thus tested the co-occurrence of somatic mutations and
switches across patients (STAR Methods) (Figures S2C-F). The largest associations with WGS
mutations included a switch in the cancer gene driver CUX1, although involving a low number of
patients (Figure S2D). When we considered the top cases according to the number of patients
with both mutations and switches, the cancer gene drivers TP53 and NTRKZ2 and the cadherin
gene FAT3 appeared among the top ones (Figures S2E and S2F), as well as FAM19A5, which
we already described as a switch before between lung adenocarcinoma and paired normal

samples (Sebestyén et al., 2015).

Overall we observed a low association of mutations and switches (Figure S2G). On the other
hand, tumor samples that had with few genes with protein-affecting mutations (PAMs) tended to
have many genes with functional switches, and vice versa, tumor samples with a low number of
functional switches tended to have many genes with PAMs (Figure 2A). This suggested a
complementarity between protein affecting mutations and switches affecting protein domains.

To investigate this, we calculated domain families enriched in PAMs (STAR Methods). We
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found that 76 domain families across 11 tumor types were enriched in mutations (Table S2).
These domains enriched in mutations occur more frequently in cancer drivers compared to non-
drivers (Wilcoxon test p-value < 2.2e-16), in agreement with recent analyses (Miller et al., 2015;
Yang et al., 2015). When we compared the domain families enriched in somatic mutations with
those enriched in gains or losses through switches, we found an overlap of 15 domain families,
which is higher than expected by chance given the 5,307 domain families observed in a
reference proteome (Fisher’s test p-value = 5.637e-06, odds ratio = 4.71) (STAR Methods).
From the domain families enriched in mutations, 7 showed only enrichment in losses, 6 showed
only enrichment in gains, and 2 showed enrichment in both (Figure 2B) (Tables S2). Among the
gains, we found Cadherin domains related to switches in CHD8, CDH26, FAT1, FAT2 and
FATS3; whereas among the losses, we found the Calcium-binding EGF domain, which is affected
by various switches, including one in NOTCH4. A notable case involved the loss of the TP53
DNA-binding domain and the TP53 tetramerization motif. Although it only occurs in a single
switch in TP53, its high recurrence in patients highlights the relevance of the alternative splicing
of TP53 (Bourdon, 2007).

To further explore the similarity between the changes in functionality introduced by mutations
and switches, we performed an enrichment analysis of Gene Ontologies (GO) on the domains
enriched in mutations and switches separately (STAR Methods). We then calculated the overlap
between both set and compared it to the overlap obtained by randomly sampling the reference
proteome and the complete list of functional switches. Notably, the observed overlap is higher
than expected at the different ontologies and GO slim levels (Figure 2C). In particular, among
the shared molecular functional categories, several are related to receptor activity and protein
binding. This result supports the notion that switches and mutations affecting protein domains
may impact similar functions in tumors. This also suggests that switches that affect domains
frequently mutated in tumors could be considered to have a relevant impact in cell function. A
total of 754 functional switches in 634 genes (47 of them in 37 cancer drivers) affected domains

that are enriched in mutations (Table S1) and thus they represented potential AS-drivers.
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Functional switches show mutual exclusion with driver mutations in cancer

pathways

Another unmistakable sign that an alteration provides a selective advantage to the tumor is the
mutual exclusion with other recurrent alterations in genes within the same pathway (Babur et al.,
2015). We identified 292 functional switches that were mutually exclusive with somatic PAMs in
three or more cancer drivers (Fisher's test p-value < 0.05) (Table S3) (STAR Methods).
Moreover, 16 of them showed mutual exclusion with at least one driver with which it shared a
pathway. These 16 switches included one in COL9A3, which showed mutual exclusion with
MET mutations in kidney renal papillary cell carcinoma (kirp), and one in PRDM1, which showed
mutual exclusion with mutations in TP53 in lung adenocarcinoma (LUAD) (Figure 2D). In lung
squamous cell carcinoma (lusc), the same switch in PRDM1 showed mutual exclusion with
PTEN, which is in the same pathway, although this was the only mutual exclusion in this tumor
type (Table S3). As these switches tended to occur in patients that do not harbor mutations in
known cancer drivers (Figure S2D), they could be indicative of alternative oncogenic processes
and potentially explain pan-negative tumors (Saito et al., 2015); hence we considered them

potential AS-drivers.

Isoform switches affect protein interactions with cancer drivers

Many of the frequently lost and gained domain families in functional switches were involved in
protein binding activities, indicating a potential impact on protein—protein interactions (PPIs) in
cancer. To analyze how our switches may affect the PPls, we used data from five different
sources to build a consensus PPl network with 8,142 nodes, each node representing a gene
(Figure S3) (STAR Methods). To determine the effect of switches on the PPl network, we
mapped PPIs from this consensus PPI network to domain—domain interactions (DDIs), which
we then mapped to the transcript isoforms involved in the switches (Figure S4). From the 8,142
genes in the PPI network, 3,243 had at least one isoform switch, and for 1,688 isoform switches
(in 1,355 genes) we were able to map at least one of the PPIs to a specific DDI. A total of 162 of
these switches were located in 123 cancer drivers, with the remaining 1,526 in non-driver

genes.
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For each isoform switch, using the DDI information, we evaluated whether it would affect a PPI
from the consensus network by matching the domains affected by the switch to the domains
mediating the interaction, controlling for the expression of the isoforms predicted to be
interaction partners. We found that 477 switches (28.3%) in 423 different genes affected
domains that mediated protein interactions and thus likely impacted such interactions. Most of
these interaction-altering switches (n = 414, 86.8%) caused the loss of the domain that
mediates the interaction, while a minority (n = 64, 13.2%) led to a gain of the interacting domain.
There is only one switch that led to gains and losses of interactions with different partners. This
is in TAF9, which lost a TIFIID domain and gained an AAA domain (Table S4).

Notably, switches in driver genes tended to alter PPls more frequently than those in non-drivers,
and they more frequently lost interactions (Chi-squared test p-value = 1.87e-15) (Figure 3A).
From the 162 switches in drivers, 41 (25.3%) of them altered at least one interaction, either
causing loss (33 switches) or gain (8 switches). Interestingly, switches that affected domains
from families enriched in mutations or that showed frequent mutual exclusion with mutational
drivers also affected PPIs significantly more frequently than other functional switches (Chi-
square test p-value < 2.2e-16 and p-value = 6.8e-08, respectively) (Figure S5). Notably,
functional switches in genes annotated as direct interactors of drivers affected PPIs more
frequently than the rest of functional switches (Fisher’s exact test p-value<1.81e-03 OR>3.57 for
all tests) (Figure 3B). Additionally, all functional pathways found enriched in PPI-affecting
switches (Fisher’s exact test corrected p-value < 0.05 and odds-ratio > 2) are related to cancer
(Table S5), reinforcing the potential impact of isoform switches in cancer. We thus considered

these 477 PPI-affecting switches as candidate AS-drivers.

Isoform switches remodel protein interaction networks in cancer

To further characterize the role of switches in remodeling the protein interaction network in
cancer, we calculated modules in the PPI network (Blondel et al., 2008) using only interaction
edges affected by switches (STAR Methods). This produced 179 modules involving 1405 genes
(Table S6). These modules were tested for the enrichment of genes belonging to specific
protein complexes (Ruepp et al., 2009), complexes related to RNA-processing and splicing
(Akerman et al., 2015) and cancer-related pathways (Liberzon et al., 2015) (Table S6). Further,

we inspected the modules to identify those that included cancer drivers, had at least one switch
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for which both isoforms are protein coding, and involved both PPI gains and losses. Among
these cases, we found one module enriched in splicing factor (SF) and RNA binding protein
(RBP) genes (Module 11 in Table S6) that included the cancer drivers SF3B1, FUS, SYNCRIP,
EEF1A1 and YBX1 (Figure 3C). The module contained a switch in RBMX involving the skipping
of two exons and the elimination of an RNA recognition motif (RRM) that would impact
interactions with SF3B1, EEF1A1 and multiple RBP genes (Figure 3C); and a switch in TRA2B
that yielded a non-coding transcript and would eliminate an interaction with SF3B71 and multiple
SFs. We also found a switch in HNRNPC, TRA2A, NXF1 and RBMS2 that lost interactions with
various SR protein coding genes. Consistent with a potential functional impact, the PPI-affecting
switches showed mutual exclusion with the mutational cancer drivers (Figure 3D). Interestingly,
this module also contained switches in the Importin genes IPO11 and /PO13, which would affect
interactions with the ubiquitin conjugating enzymes UBE2E1, UBE2E3 and UBEZ2I, (Figure 3C),
and showed mutual exclusion across different tumor types (Figure 3D). These results indicate
that the activity of RNA-processing factors may be altered in cancer through the disruption of

their PPIs by alternative splicing.

We also found a module including multiple regulators of translation (module 28 in Table S6),
with switches in EIF4B, EIF3B and EIF4E that affected interactions with the drivers EIF4G1,
EIF4A2 and PABPC1 (Figure 3E). The switch in EIF4B caused the skipping of one exon, which
we predicted to eliminate an RRM domain and lose interactions with drivers EIF4G1 and
PABPC1. The switch in EIF3B yielded a non-coding transcript that would lose multiple
interactions. Although we did not predict any PPl change for EIF4E, this switch lost eight
predicted ANCHOR regions, suggesting a possible effect on yet to be described interactions.
Besides frequent PAMs, PABPC1 also presented a functional switch that affects 2 disordered
regions but does not affect any of the RRMs. In this case we did not predict any change in PPI
and the possible functional impact remains to be discovered. These results, and the observed
mutual exclusion between PAMs in EIF4G1 and PABPC1 and the identified PPIl-affecting
switches (Figure 3F) suggest that alternative splicing switches may impact translational in

tumors through the alteration of protein—protein interactions of the translational regulators.
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Isoform switches as drivers of cancer

Our results provide evidence that a subset of the alternative splicing switches show similar
properties to mutational drivers. We hypothesized that these switches may be relevant for
tumorigenesis, and defined them as alternative splicing drivers, or AS-drivers, if they either (1)
induced a gain or a loss of a protein domain from a family frequently mutated in cancer, (ll)
affected one or more PPIs, (lll) displayed mutual exclusion with drivers, or (IV) displayed
recurrence in cancer genomes beyond what is expected by chance. This definition yielded 1662
AS-drivers (Figure 4A) (Table S1), with a large fraction of those affecting mutated domain
families and/or PPIs (cases | and Il from the list above, see Figure 4B). Genes relevant to a
given tumor type usually participate in the same pathways and therefore lie close to each other
in the PPl network, and tend to show high centrality in the network (Jonsson and Bates, 2006;
Taylor et al., 2009; Wachi et al., 2005). To validate our AS-drivers, we thus calculated their
centrality and their distance to mutational drivers (STAR Methods). In our consensus PPI
network, AS-drivers showed greater centrality (Mann-Whitney test p-value < 2.2e-16, W =
90999000) (Figure S6A) and closer distances to tumor-specific drivers (Fisher's exact test p-

value < 2.2e-16, odds-ratio = 1.55) (Figure S6B) compared to the rest of switches.

The possible relevance of these AS-drivers varied across samples and tumor types.
Considering tumor specific mutational drivers (Mut-drivers) and our set of AS-drivers, we
labeled each patient as AS-driver—enriched or Mut-driver—enriched according to whether the
proportion of switched AS-drivers or mutated Mut-drivers was higher, respectively. This partition
of the samples indicated that, although Mut-drivers are predominant in patients for most tumor
types, AS-drivers seemed relevant for a considerable number of patients across most tumor
types, and particularly for kidney and prostate tumors (Figure 4C). Additionally, regardless of the
tumor type, patients with many mutations in Mut-drivers tended to show a low number of
switched AS-drivers, and vice versa (Figure 4D). Interestingly, copy number alteration (CNA)
drivers show a similar anti-correlation (Figure S6C), bearing resemblance with the proposed
cancer genome hyperbola between mutations and CNAs (Figure S6D) (Ciriello et al., 2013).
This supports the notion that AS-drivers represent alternative, yet-unexplored oncogenic
mechanisms that could provide a complementary route to induce similar effects as genetic

mutations.
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Discussion

We have identified consistent and recurrent transcript isoform switches, which we call AS-
drivers, that impact the function of affected proteins by adding or removing protein domains that
are frequently mutated in cancer or by disrupting or gaining protein—protein interactions —
possibly also altering the formation of protein complexes — with cancer drivers or in cancer
related pathways. Moreover, we observed that patients with AS-drivers tended not to harbor
mutations in cancer drivers and the other way around. We proposed a model by which
pathways often altered in cancer through somatic mutations may be affected in a similar way by
AS-drivers in some patients, and in particular, in pan-negative patients. Recently, an alternative
splicing change in NFE2L2 has been described to lead to the loss of a protein domain and the
interaction with its negative regulator KEAP1, thereby providing an alternative mechanism for
the activation of an oncogenic pathway (Goldstein et al., 2016). This example provides further
support for a definition of AS-drivers as complementary alterations with similar impacts to
mutations, expression or epigenetic changes in cancer drivers. Importantly, AS-drivers could
occur without gene expression changes in the host gene and thus provide an independent set of
functional alterations not considered previously in cancer expression studies. As our estimates
of the number of potential AS-drivers and their impact have been very conservative, it is

possible that many more remain to be described.

Functional domains and interactions might not always be entirely lost through a switch, as
normal isoforms generally retain some expression in tumors. This could be partly due to the
uncertainty in the estimate of transcript abundance from RNA sequencing or to the
heterogeneity in the transcriptomes of tumor cells. Still, a relatively small change in transcript
abundance could be enough to trigger an oncogenic effect (Bechara et al., 2013; Sebestyén et
al., 2016). Additionally, a number of the AS-drivers define a switch from a protein-coding
transcript to a non-coding one, possibly undergoing non-sense mediated decay. These can be
considered a form of alternative splicing mediated gene expression regulation (Hansen et al.,
2009), and will alter function in a similar way. The predicted impact on domains and interactions
could therefore be indicative of alterations on regulatory networks with variable functional

effects.
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Our description in terms of transcript isoform switches, rather than using local alternative
splicing events, allowed a better analysis of the possible transcriptome variations and the
protein features potentially gained or lost through splicing changes. However, this approach
may have some limitations. Accurate determination of differential transcript usage in genes with
many isoforms requires high coverage and sufficient samples per condition (Sebestyén et al.,
2015). In our approach, we used information of the variability across normal samples to
determine the significance of an isoform change per patient. On the other hand, since we used
annotated transcript isoforms we may have missed unannotated transcripts that are specific to
the tumor or transcripts that are not yet correctly annotated. Another limitation of our approach
is that we only recovered a small fraction of the entire set of protein-protein interactions taking
place in the cell. For instance, we did not characterize those interactions mediated through low
complexity regions (Buljan et al., 2012; Ellis et al., 2012), hence we expect that many more

interactions will be affected in tumors.

The origin of the observed splicing changes remains to be elucidated. We did not find a general
association with somatic mutations in cis. It is possible that the genetic alterations affecting
splicing involve small copy-number alterations or indels. For instance, a recurrent small deletion
in TP73 was found recently in association to exon skipping in small cell lung cancer patients
using WGS data (George et al., 2015). However, these alterations are still hard to detect with
WES and WGS data and more targeted searches or deeper sequencing may be necessary to
fully uncover such cases at genome-scale in other tumors. An alternative possibility is that the
majority of the switches described occur through frans acting alterations, such as the expression
change in splicing factors (Sebestyén et al., 2016). For instance, the oncogenic switch in RAC1
(Zhou et al., 2012) is regulated by expression changes of various splicing factors (Gongalves et
al., 2009; Pelisch et al., 2012), which are controlled by pathways often altered in tumors (Fu and
Ares, 2014).

Alterations in different splicing factors may trigger the same or similar splicing changes. For
instance, mutations in RBM10 or downregulation of QKI/ lead to the same splicing change in
NUMB that promotes cell proliferation (Bechara et al., 2013; Zong et al., 2014). The intra-tumor
heterogeneity may thus allow recapitulating similar transcriptome phenotypes. It has been
proposed that a large faction of the somatic mutations in tumors are subclonal (Sottoriva et al.,

2015). This would provide enough heterogeneity to allow the persistence of AS-drivers in a
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fraction of the dividing cell population. Additionally, tumor cells also display non-genetic
variability (Brock et al., 2009), which could define multiple stable states and determine the
fitness of cells and the progression of tumors independently of somatic mutations. Since natural
selection acts on the phenotype rather than on the genotype, an interesting possibility is that
AS-drivers define specific tumor phenotypes that might be closely related to those determined
by the somatic mutations in drivers, thereby defining an advantageous phenotype such that the
selective pressure to develop equivalent adal1ptations is relaxed. Accordingly, AS-drivers may
play an important role in the neoplastic process independently of or in conjunction with the

already characterized genetic alterations.
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Figure 1. (A) Number of isoform switches (y axis) calculated in each tumor type, separated
according to whether the switches affect an annotated protein feature (Functional) or not (Non-
functional) and whether they occur in cancer gene drivers (Driver) or not (Non-driver). (B)
Number of different protein feature gains and losses in functional switches for each of the
protein annotations considered. (C) Top 20 functional switches in cancer drivers according to
the total number of patients in which they occur. Tumor types are indicated by color: breast
carcinoma (brca), colon adenocarcinoma (coad), head and neck squamous cell carcinoma
(hnsc), kidney chromophobe (kich), kidney renal clear-cell carcinoma (kirc), kidney papillary cell
carcinoma (kirp), liver hepatocellular carcinoma (lihc), lung adenocarcinoma (luad), lung
squamous cell carcinoma (lusc), prostate adenocarcinoma (prad), and thyroid carcinoma (thca).
(D) Cellular component (red) and Molecular function (green) ontologies associated with protein

domain families that are significantly lost in functional isoform switches (Binomial test -
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Benjamini-Hochberg adjusted p-value < 0.05). For each functional category, we give the
number of isoform switches in which a protein domain family related to this category is lost. The

color shade relates to this number.
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Figure 2. (A) For each patient sample, color-coded according to the tumor type, we indicate the
proportion of all genes with protein-affecting mutations (PAMs) (y axis) and the proportion of
genes with multiple transcript isoforms that present a functional isoform switch in the same
sample (x axis). (B) Domain families that are significantly lost or gained in functional isoform
switches that are also significantly enriched in protein-affecting mutations in tumors. For each
domain class, we indicate the number of different switches in which they occur. We include here
the loss of the P53 DNA-binding and P53 tetramerization domains, which only occur in the
switch in TP53. (C) Agreement between protein-affecting mutations and functional switches (y
axis) measured in terms of the functional categories of the protein domains they affect (x axis),
using two gene ontologies (GOs) at three different GO Slim levels, from most specific (+++) to
least specific (+). Random occurrences (plotted in light color) were calculated by sampling 100
times the same number of domain families affected by functional switches and the same

number of domains affected by protein-affecting mutations. Agreement is calculated as the
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percentage of the union of functional categories that are common to both sets. (D) Pairs formed
by a cancer driver (in parentheses) and a functional switch that belong to the same pathway and
show mutual exclusion between PAMs and switches across patients in at least one tumor type —
color-coded by tumor type. The y-axis indicates the percentage of samples where the switch
occurs and x-axis indicates the percentage of samples where the driver is mutated in the same

tumor type.
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Figure 3. (A) Functional switches are divided according to whether they occur in tumor-specific
drivers (yes) or not (no). For each tumor type we plot the proportion of protein-protein
interactions (PPIs) (y axis) that are gained (green), lost (red), or remain unaffected (gray). Chi-
squared test of all the PPIs affected by switches in drivers and non-drivers separating gains and

losses: p-value = 1.87e-15. Individual Chi-square tests for each tumor type: brca p-val = 1.012e-
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3, coad p-val = 1.34e-17, kich p-val = 6.414e-33, lusc p-val = 1.176e-7, prad p-val = 1.515e-12.
The types kirc, luad and thca show no significance. Samples from kidney renal papillary cell
carcinoma (kirp) and liver hepatocellular carcinoma (lihc) do not show PPI-affecting switches in
drivers. (B) Functional switches are divided according to whether they affect a PPI (yes) or not
(no). For each tumor type we plot the proportion of functional switches (y axis) that occur in
cancer drivers (black), in interactors of drivers (dark gray), or in other genes (light gray). Fisher’s
exact test of the PPIs affected by switches in driver-interactors and in other genes (non-drivers
and non-driver-interactors): brca p-val=4.70e-58, OR= 6.39; coad p-val=1.84e-28, OR=5.59; hnsc
p-val=4.40e-53, OR=5.12; kich pval=6.73e-16, OR=7.11, kirc p-val=4.35e-41, OR=4.68; kirp p-val=
5.69e-16, OR=6.15; lihc p-val=6.93e-17, OR=5.77; luad p-val=9.18e-61, OR=6.35; lusc p-
val=4.76e-59, OR=6.47; prad, p-val= 1.00e-31, OR=5.18; thca, p-val=2.69e-19, OR=6.02. (C) A
network module with PPIs predicted to be lost (red). Cancer drivers are indicated in black or
gray if they have a functional switch or not, respectively. Other genes are indicated in dark blue
or light blue if they have a functional switch or not, respectively. We do not show unaffected
interactions. (D) OncoPrint for the samples that present protein-affecting mutations (PAMs) in
drivers or switches from (C). Mutations are indicated in black and PPI-affecting switches are
indicated in red (loss in this case). Other switches with no predicted effect on the PPI are
depicted in gray. The top panel indicates the tumor type of each sample by color (same color
code as in previous figures). The second top panel indicates whether the sample harbors a
PAM in a tumor-specific driver (black) or not (gray), or whether no mutation data is available for
that sample (white). (E) A network module containing genes from the translation initiation
complex with PPIs predicted to be lost (red) by isoform switches. Cancer drivers are indicated in
black or gray if they have a functional switch or not, respectively. Other genes are indicated in
dark blue or light blue if they have a functional switch or not, respectively. We do not show

unaffected interactions. (F) OncoPrint for the switches and drivers from (E). Colors are as in (D).
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Figure 4. (A) Number of functional switches and AS-drivers detected in each tumor type (see
text for definitions). (B) Candidate AS-drivers grouped according to their properties: disruption of
protein—protein interactions (PPIs), significant recurrence across patients (Recurrence), gain or
loss of a protein feature that is frequently mutated in tumors (Affects M_feature), mutual
exclusion and sharing pathway with cancer drivers (Pannegative). The horizontal bars indicate
the number of switches for each property. The vertical bars indicate the number of switches in
each of the intersections indicated by connected bullet points (Conway et al., 2017). (C)
Classification of samples according to the relevance of AS-drivers or Mut-drivers in each tumor
type. For each tumor type (x axis), the positive y axis shows the percentage of samples that
have a proportion of switched AS-drivers higher than the proportion of mutated Mut-drivers. The
negative y axis shows the percentage of samples in which the proportion of mutated Mut-drivers

is higher than the proportion of switched AS-drivers. Only patients with mutation and
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transcriptome data are shown. (D) Each of the patients from (C) is represented according to the

percentage of mutated Mut-drivers (y axis) and the percentage of switched AS-drivers (x axis).
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Datasets and databases

Source

Identifier

Datasets analysed (observed
switches, functional implications,
links to mutational data, etc.)

This paper

DOI: 10.5281/zen0d0.439846
(https://zenodo.org/record/439846)

Human reference genome hg19
assembly

Genome Reference
Consortium

http://hgdownload.cse.ucsc.edu/goldenpath/
hg19/chromosomes/

TCGA level 3 data for RNA-seq
(read counts for isoforms),
mutation and copy number
variation (CNV) data for brca,
coad, hnsc, kich, kirc, kirp, lihc,
luad, lusc, prad, thca

TCGA data portal

https://gdc-portal.nci.nih.gov/

Mutations from whole genome

sequencing for 306

samples from brca, coad, hnsc,
kich, kirc, luad, lusc, prad, thca

(Fredriksson et al.,
2014)

https://www.synapse.org/#!Synapse:syn2882
200

List of cancer drivers per tumor
type for brca, coad, hnsc, kirc,
lihc, luad, lusc, prad, thca

(Gundem et al.,
2010)

https://www.intogen.org/

Cancer drivers for papillary renal-
cell carcinoma (kirp)

(The Cancer
Genome Atlas
Research Network,
2016)

DOI:10.1056/NEJMoa1505917

Cancer drivers for chromophobe
renal-cell carcinoma (kich)

(Davis et al., 2014)

DOI:10.1016/j.ccr.2014.07.014

COSMIC: list of oncogenes and
tumor suppressors per tumor type

(Forbes et al., 2015),

http://cancer.sanger.ac.uk/cosmic

TSGene: database of tumor
suppressors

(Zhao et al., 2015)

https://bioinfo.uth.edu/TSGene/

Pfam: protein domain families

(Finn et al., 2016)

https://www.ebi.ac.uk/services/teams/pfam

ProSite: protein domain patterns

(Gattiker et al., 2002)

http://prosite.expasy.org/

ArchDB: database of protein
loops

(Bonet et al., 2014).

http://sbi.imim.es/archdb/
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PSICQUIC: database of protein-
protein interactions

(del-Toro et al., 2013)

https://www.ucl.ac.uk/functional-gene-
annotation/psicquic

BIOGRID: database of protein-
protein interactions

(Chatr-Aryamontri et
al., 2015)

https://thebiogrid.org/

HumNet: database of protein-
protein interactions

(Lee et al., 2011)

http://www.functionalnet.org/humannet/about
.html

STRING: database of protein-
protein interactions

(Szklarczyk et al.,
2011)

http://string-db.org/

Dataset of protein-protein
interactions

(Rolland et al., 2014)

DOI: http://dx.doi.org/10.1016/j.cell.2014.10.
050

iPfam: database of domain-
domain interactions

(Finn et al., 2014)

http://ipfam.org/

DOMINE: database of domain-
domain interactions

(Raghavachari et al.,
2008)

http://domine.utdallas.edu/cgi-bin/Domine

3did: database of domain-domain
interactions

(Mosca et al., 2014)

http://3did.irbbarcelona.org/

Software and algorithms Source |dentifier

Software to calculate isoform | This paper https://bitbucket.org/regulatorygenomicsupf/s
switches and AS-drivers martas/

The software to reproduce the | This paper https://github.com/hclimente/smartas

analyses of switches and AS-
drivers.

SUPPA:  software for the
calculation of alternative splicing
events

(Alamancos et al.,
2015)

https://github.com/comprna/SUPPA

Domain-centric analysis of Gene
Ontologies

(Fang and Gough,
2013)

http://supfam.org/SUPERFAMILY/dcGO/

OncodriveROLE:  method to
predict whether a cancer gene
driver is an oncogene or a tumor
suppressor

(Schroeder et
2014)

al.,

http://bg.upf.edu/oncodrive-role

ESTIMATE: method to measure
the stromal and immune cell
content in a sample

(Yoshihara et al.,
2013)

https://sourceforge.net/projects/estimateproje
ct/

IUPred: prediction of
disordered regions

protein

(Dosztanyi et al.,
2005)

http://iupred.enzim.hu/
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ANCHOR: prediction of
disordered regions with potential
for protein-protein interactions

(Dosztanyi et al.,
2009)

http://anchor.enzim.hu/

R3.3

The R project

https://www.r-project.org/

intergraph 2.0-2 - R library for
network analysis

Integraph

https://cran.r-
project.org/web/packages/intergraph/index.ht
ml

igraph 1.0.1
-R library for network analysis

(Blondel et al., 2008)

http://igraph.org/r/

network 1.13.0 - R library for
network analysis

(Butts, 2008)

https://cran.r-
project.org/web/packages/network/index.html

ggnetwork 0.5.1 Ggnetwork https://github.com/briatte/ggnetwork
- R library for network plotting

cowplot 0.7.0 - R library for | Cowplot https://github.com/wilkelab/cowplot
plotting

ggplot2 2.2.1- R library for plotting | ggplot2 http://ggplot2.org/

UpSetR - R library for plotting

(Conway et al.,

https://cran.r-project.org/package=UpSetR

2017).
tidyverse 1.0.0 - R library for data | Tidyverse http://tidyverse.org/
manipulation
magrittr 1.5 - R library for code | Magrittr https://cran.r-
development project.org/package=magrittr/vignettes/magri
ttr.html
R scripts from wisdom repository | This paper https://github.com/hclimente/wisdom
find.me - R library for plotting This paper https://github.com/hclimente/find.me
ggstars — R library for plotting This paper https://github.com/hclimente/ggstars

Anaconda 4.3.1 - Python libraries
for large-scale data processing

Continuum Analytics

https://www.continuum.io/why-anaconda

NetworkX:
package
networks.

Python
the

software

for study of

(Hagberg et
2008)

al.,

https://networkx.github.io
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Data

Estimated RNA sequencing (RNA-seq) read counts per transcript isoform were obtained from
the TCGA data portal (https://gdc.nci.nih.gov/) for a total of 4442 samples for 11 tumor types:
breast carcinoma (brca), colon adenocarcinoma (coad), head and neck squamous cell
carcinoma (hnsc), kidney chromophobe (kich), kidney renal clear-cell carcinoma (kirc), kidney
papillary cell carcinoma (kirp), liver hepatocellular carcinoma (lihc), lung adenocarcinoma (luad),
lung squamous cell carcinoma (lusc), prostate adenocarcinoma (prad) and thyroid carcinoma
(thca). Only transcripts with expression TPM > 0.1 were considered. Tumor specific mutational
and copy-number alteration drivers were collected from Intogen (Gundem et al., 2010) and from
the TCGA papers for kidney chromophobe (kich) (Davis et al., 2014) and kidney renal papillary
carcinoma (kirp) (The Cancer Genome Atlas Research Network, 2016). This list included a total
of 460 unique cancer driver genes, each one defined as a tumor-specific driver for one or more
tumor types. These genes were annotated as oncogenes or tumor suppressors using the
annotations provided by COSMIC (Forbes et al., 2015), Vogelstein et al. (Vogelstein et al.,
2013), and by the TSGene database (Zhao et al., 2015). Unlabeled cases were predicted with
OncodriveROLE (Schroeder et al.,, 2014) using cutoffs 0.3 (loss-of-function class) and 0.7

(activating class).

Calculation of significant isoform switches per patient

We modeled splicing alterations in a gene as a switch between two transcript isoforms, one
normal and one tumoral. For each transcript, the relative abundance per sample was calculated
by normalizing its abundance in TPM units by the sum of abundances of all transcripts in the
same gene, which we called PSI. Then, for each transcript and sample we calculated the
change in relative abundance as APSI| = PSlymor - PSlier, where PSlymer is the PSI value of the
transcript in a tumor sample and PSl.s is the normal reference value, which corresponds to the
value in the paired normal sample when available or to the median of the PSI distribution in the
normal samples of the same tissue type, otherwise. We considered significant those changes
with |APSI| > 0.05 in the comparison between normal and tumor samples and with empirical p <
0.01 in the comparison of the observed |APSI| value with the distribution of |APSI| values

obtained by comparing the normal samples pairwise without repetition. We only kept those
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cases for which the tumor isoform PSI was higher than the normal isoform in the tumor sample,
and the normal isoform PSI in the normal sample was higher than the value for the tumor
isoform. Moreover, we discarded genes that either had an outlier expression in the tumor
sample compared to normal tissues — had expression below the bottom 2.5% or above the
97.5% of the values of normal expression — or showed differential expression between the
tumor samples with the switch and the normal samples (Wilcoxon test p-value < 0.01 using the

gene TPM values).

Candidate switches were defined per patient and per gene. In some samples, different switches
could appear in the same gene. We discarded those switches that contradicted a more frequent
switch in the same gene in the same tumor type. Moreover, we discarded any switch that
affected a number of patients below the top 99% of the distribution of patient frequency of these
contradictory switches. Additionally, we filtered out switches that were significantly lowly
recurrent, i.e. they occurred in fewer patients than expected by chance (adjusted p-value < 0.05
binomial test using all tumor types). This imposed extra restrictions in the switches and none of
the reported switches occured in less than 5 samples. Thus, a switch in a patient sample is
defined as a pair of transcripts in a gene with no expression change and with significant
changes in opposite directions that show consistency across a minimum number of patients. We
aggregated the calculated switches from the different tumor types to get the final list (Table S1).
For the pan-cancer analyses, if a switch did not pass the frequency threshold in one tumor type

but was significant in a different tumor type, that switch was also considered.

Comparison with stromal and immune signatures

To determine whether the observed switches merely reflected the cellular content of the
samples, we measured the significant association with stromal and immune cell content using
ESTIMATE (Yoshihara et al., 2013). For each switch we performed a Wilcoxon test to compare
the ESTIMATE scores between patients with and without the switch. After correcting for multiple
testing (Benjamini-Hochberg method), we found 1108 and 473 exclusively associated (FDR <
0.05) with stromal and immune cell content, respectively; and 306 associated with both. These

were eliminated from the final set of isoform switches (Table S1).
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Relation between transcript isoform switches and local alternative splicing events

We calculated from the annotation the possible local alternative splicing events of type
alternative 3’ (A3) and 5 (A5) splice-site, intron retention (RI), exon skipping (SE), mutually
exclusive exons (MX), alternative first exon (AF) and alternative last exon (AL) using SUPPA
(Alamancos et al., 2015). SUPPA provides for each alternative splicing event the set of
transcript isoforms that contribute to either form of the event. We thus were able to determine
whether each pair of isoforms describing a switch corresponded to one or more local alternative
splicing events, and which of the two forms of the event corresponded to the tumor and the
normal isoform. For instance, we calculated whether an isoform switch describing an exon
cassette (SE) event corresponded to an increase or decrease of exon inclusion in the tumor
sample. Accordingly, if the tumor isoform contained the alternative exon and the normal isoform
did not contain it, the event would correspond to inclusion in tumor. Similarly, if the tumor
isoform did not have the exon but the normal isoform did, the event would indicate skipping in

the tumor sample.

Recurrence

We defined the total number of unique different switches as S and the number of patients with
switches as P, and the total number of switches occurring in patients as N. Thus, the expected
frequency of a switch is f = N/(S-P). For a given switch, we then tested the significance of its
recurrence across patients in each tumor type using a binomial test with the observed patient
count and the expected frequency f. Switches were considered significantly recurrent for

adjusted binomial test p-value < 0.05.

Simulated switches

We simulated switches between normal and tumor tissues by using genes with more than one
expressed isoform. For each gene, we selected the isoform with the highest median expression

across the normal samples as the normal isoform and an arbitrary different transcript expressed
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in the tumor samples as the tumor isoform. For each gene, we generated a maximum of five

such simulated switches.

Functional switches

A switch was defined as functional if both isoforms overlap in genomic extent and there was a
change in the encoded protein, including cases where only one of the isoforms has a coding
DNA sequence (CDS), and moreover there was a gain or loss of a protein feature: Pfam
domains (Finn et al., 2016) mapped with InterProScan (Jones et al., 2014), ProSite patterns
(Gattiker et al., 2002); disordered regions from IUPred (Dosztanyi et al., 2005); disordered
regions potentially involved in protein—protein interactions from ANCHOR (Dosztanyi et al.,
2009); and protein loops (Bonet et al., 2014). Switches between a protein-coding isoform and
non-coding isoform or between two protein-coding isoform for which we could not map any

protein feature on the proteins were not be labelled as functional.

Domain families enriched in switches or mutations

To determine which protein domain families were significantly affected by switches, we first
calculated a reference proteome for each tumor type. We selected genes that had an isoform
with at least 0.1 TPM, and from each of these genes we only kept the isoform with the highest
median expression across the normal samples of the same tissue type. The proteins encoded
by these isoforms were considered the reference proteome in each tumor type. We then
aggregated the reference proteomes from all tumor types to form a pan-cancer reference
proteome using only genes annotated with multiple transcripts. The expected frequency f{a) of a
protein feature a that appears m(a) times was then measured as the proportion of this feature in

the pan-cancer representative proteome:
m(a)

f(a)=w

where b runs over all protein features in the reference proteome. We then calculated the

expected probability of a protein feature to be affected by a switch using the binomial test:
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n!

= mf(a)k (- fla)™™*

P(a)
where k is the number of observations of the domain a being gained or lost and n is the total
number of gains or losses due to switches. We selected cases with Benjamini-Hochberg (BH)
adjusted p-value < 0.05. Additionally, to ensure the specificity of the enrichment for each

domain class, we considered only domain families affected in at least two switches.

To calculate domain families enriched in mutations, we considered the reference proteome in
each tumor type as before. The expected mutation rate of a domain family was considered to be
the proportion of the proteome length it covered. We aggregated all observed mutations falling
within each family and calculated the expected probability of the observed mutations using a
binomial test as before. After correcting for multiple testing, we kept those cases with a BH
adjusted p-value < 0.05. GO enrichment analysis was performed using DcGO (Fang and
Gough, 2013). We considered significant those cases with FDR < 0.01 (hypergeometric test).

Protein interaction analysis

We created a consensus protein—protein interaction (PPI) network using data from PSICQUIC
(del Toro et al. 2013), BIOGRID (Chatr-Aryamontri et al., 2015), HumNet (Lee et al., 2011),
STRING (Szklarczyk et al., 2011), and a human interactome derived from the literature and
experimental data (Rolland et al., 2014). The consensus network consisted of 8,142 nodes with
29,991 interactions, each found in at least four of these five sources. To find PPIs likely altered
due to an isoform switch, we first mapped each PPl in a gene to a specific domain—domain
interaction (DDI). We used information on domain—domain interactions from iPfam (Finn et al.,
2014), DOMINE (Raghavachari et al., 2008), and 3did (Mosca et al., 2014). Domains involved in
DDIs were then mapped to specific protein isoforms. For the genes with switches, we then
considered those PPIls that could be mapped to DDIs involving domains mapped in either the
normal or the tumor isoforms. 3,242 genes with 4,219 switches mapped to one or more
interactions in the consensus network, and 1,688 isoform switches (in 1,355 genes) were
mapped to at least one specific DDI. We defined a PPI as lost if it is mapped to one or more
DDls in the isoform expressed in the normal tissue but not in the isoform expressed in the tumor

sample. If multiple domains mediated the same interaction, it was considered lost if at least one
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of these domains was lost in the switch. On the other hand, we defined a PPI as gained if it was
mapped to a DDI only in the tumor isoform but not in the normal isoform. For each switch from
Table S1 in each tumor type we calculated its centrality in the consensus PPI network and the

distance to the closest tumor-specific cancer gene driver using NetworkX (Hagberg et al., 2008).

Analysis of the interaction network affected by switches

We considered gene sets consisting of functional and cancer-related pathways (Liberzon et al.,
2015), protein complexes (Ruepp et al., 2009) and complexes related to RNA metabolism
(Akerman et al., 2015). We calculated the enrichment of PPI-affecting switches in each gene set
using a Fisher’s exact test based on the separation of switches into being in the gene set or not,
and affecting PPIs or not (Table S5). Additionally, considering the network formed by the PPIs
between genes that are either gained or lost through an isoform switch, i.e. we only used the
connections that are lost or gained, we calculated modules using the multi-level modularity
optimization algorithm for finding community structures (Blondel et al., 2008) implemented in the

iGraph R package (http://igraph.org/r/doc/cluster_louvain.html). For each of the gene sets used

before, we calculated whether it was significantly included in any of the modules using a
binomial test to estimate the probability of finding by chance the observed number of genes with

affected PPIs in an arbitrary list of genes of the same size as the gene set (Table S6).

Mutation and copy number analysis

Mutation information was downloaded from the TCGA data portal for all tumor samples in the
form of MAF files containing Level 2 somatic mutation calls from whole exome data.
Additionally, we used somatic mutations from whole genome sequence (WGS) data
(Fredriksson et al., 2014) for 306 of the samples studied. For copy number alterations (CNAs),
as done before (Sebestyén et al., 2016), we used CNA regions overlapping at least the full gene
locus. We considered a CNA loss if the score was smaller than log,(1/2), which means at least 1
copy is lost; and a CNA gain, if the score was larger than log,(3/2), which means at least 1 copy
is gained.
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To measure the association between switches and mutations we measured a Jaccard score.
For each gene with a switch, given the number of patients with only switches (S), only mutations
(M) or both (MS), the Jaccard score was defined as MS/(M+S+MS). The Jaccard score
calculation was carried out using protein-affecting mutations (PAMs) for WES datasets, for all
mutation types for WGS datasets. In each case we only used patients that had RNA-seq and
mutation data and we compared the splicing pattern of the patient with its own mutation
information. For WGS, 306 patients from 8 of the 11 tumor types considered had mutation and
RNA-seq data, whereas for WES data, 3755 patient samples from all 11 tumor types analysed
had mutation and RNA-seq data.

To identify switches significantly associated with pan-negative tumors, we considered the top 10
drivers according to their frequency of protein-affecting mutations (PAMs) in each tumor type.
We tested the mutual exclusion between the patients affected by the switch and the patients
with a PAM in at least the top three drivers using a one-tailed Fisher’s test (Babur et al., 2015).
From this set, we further considered functional switches that shared functional pathway with a

driver with which they were also mutually exclusive according to the same test.
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