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Edgetic perturbation signatures represent known and novel cancer biomarkers
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Identification of cancer type, cancer subtype-specific and multi-cancer perturbed edges

For each cancer type we merged all edges lost or gained in any of the samples and retrieved
only those edges that are perturbed at least once in this specific cancer type and are observed
in at least two samples (for example edges a-d and b-h (gained edges) and edges d-e¢ and c-d
(lost edges) in Fig. 8). Note that edges perturbed in a cancer type but observed only in a single
patient sample are considered patient-specific.

For each cancer with a subtype s (Table S9), we also searched for perturbations unique only to
a particular subtype and ranked each perturbed edge j depending on the percentage of samples
it was gained (SubtypePercGaineds;) and lost (SubtypePercLosts;) in, with />2. Note that a
cancer subtype perturbation profile is a subset of the corresponding cancer type perturbation
profiles involving the patients diagnosed with this particular subtype.

To identify perturbations occurring across multiple cancers, we first merged all edges perturbed
in each cancer type and then identified only those perturbations observed in at least two cancer
types. If, instead of the three patients P1, P2, and P3, the perturbation patterns in Fig. 8
corresponded to three different cancer types C1, C2, and C3, edges a-d and b-h would represent
multi-cancer gained edges while edges d-e and c-d would represent multi-cancer lost edges
since they are perturbed in more than two cancer types. Also, for each cancer type i, each
perturbed edge j was ranked depending on the percentage of cancer types it was gained
(MultiCanGained;j) or lost (MultiCanLost;) in, with i>2. We then ranked these multi-cancer
perturbations based on the number of cancer types exhibiting them (Table S7).

EdgeExplorer web portal annotations

To identify gene-disease relations with experimental evidence, we did manual annotation by
searching for publications implicating anomalies of each query gene in affecting cancer
progression or treatment outcomes. The following annotation rules were followed:

1.  Search for gene — cancer-type associations in recent experimental papers indexed by
PubMed, PMC and Google Scholar while using all synonyms of a gene name. If no full text of
the articles were found, we further searched in the Bavarian State Library database.
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2.  Priority was first given to journal papers with experimental evidence demonstrating the
association of the exact gene with the particular cancer type in which edgetic perturbations
were detected. The associations included: gene mutation or differential expression of a gene in
tumor samples when compared to normal samples, or gene involvement in metastasis, patient
survival, prognosis, therapy resistance or therapy success. Results reporting findings ased on
TCGA data were excluded from the annotations unless no other hits were found for that gene
(see 4).

3. [Ifthere was no such information, the second priority was given to papers with experimental
evidence demonstrating the association between the specific gene and a cancer type occurring
in the same somatic tissue. For example, if there was no information on KIRP but there was
for KIRC, we report that association.

4. Finally, if there was no such information, as a third priority, we checked for gene-disease
association in The Cancer Genome Atlas to show if indeed our study yields similar results to
other studies that have previously used TCGA data.

Generation of genes having similar node degrees as SMGs and their associated
perturbations

To comprehend whether SMGs were pivotal in edgetic perturbations, we compared the
proportions of perturbations involving SMGs and those from randomly generated genes with a
similar degree of interacting proteins. First, we downloaded lists of pan-cancer and cancer
specific significantly mutated cancer genes from the COSMIC Cancer Gene Census
(https://cancer.sanger.ac.uk/census)’ and from the TCGA consortium
(https://cancergenome.nih.gov/publications)®. The genes amounted to 719 and 299 cancer
genes from COSMIC and Bailey et. al, respectively, and were classified according to their
significance as cancer specific or as pan-cancer. We considered a gene to be significantly
mutated in a certain cancer type if it was characterized as either cancer specific or pan-cancer,
but affected that cancer type. Finally, in each cancer type, a union of the significantly mutated
genes from both the above sources were considered as cancer specific significantly mutated
genes (Table S3). To find the number of perturbations involving the SMGs, we searched for
any perturbed interactions having an SMG as an interacting partner. Then, in each cancer type,
we merged all the interactions observed in both cancer and healthy in all the patients to generate
all possible interactions within a cancer type. Next, for each cancer type, we determined the
degree of each of the proteins within all the possible interactions of a cancer type. We used the
degree of each SMG involved in any perturbation to randomly query for other proteins having
a similar number of interacting partners to them (Table S3). Finally, we determined the number
of perturbations associated with the genes having a similar degree to the SMGs.

For each cancer type, the Z-test of proportions’ was used to estimate the statistical significance
of the extent of edgetic perturbations associated with cancer-specific SMGs compared to the
extent of edgetic perturbations associated with genes having a similar network topology to the
SMGs. To do this, we first determined if there were significant differences in the proportion of
perturbations associated with SMGs and the proportion of perturbations associated with
randomly generated genes. Then, for each significant difference, we sought to find only the
cancer types where the proportion of perturbations associated with SMGs were significantly
larger than those associated with the randomly generated genes.
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Significantly mutated genes together with proteins having high degrees of connectivity in
the PPIN are crucial players in edgetic perturbations of cancer PPINs

Elevated mutation rate is a hallmark of cancer driver genes®!°. We analysed the involvement
of SMGs as well as their first and second network neighbours in edgetic perturbations.
Leiserson et al. previously suggested that somatic mutations affect subnetworks within PPINs
via a heat diffusion model where “hot” nodes/SMGs propagate their heat to neighbouring
nodes!!. First, we found that not all SMGs are involved in edgetic perturbations, but only a
specific number in each cancer type (Table S3a). Also, there were significant differences in the
proportion of perturbations associated with SMGs and those associated with the randomly
generated genes having similar node degrees in the PPINs. A majority of the perturbations
across the cancer types had more instances where the portion of the perturbations associated
with random genes was more substantial than the proportion of perturbations associated with
SMGs. This observation was prominent in BRCA, PRAD and STES where the portion of the
perturbations associated with random genes at both the first and second neighbours was
significant, while HNSC had no significant differences in the two proportions (Table S3b).
However, a look into the proteins involved in the majority of the perturbations associated with
the random genes (e.g., SKIP, HISTIH3J and EZH?2) revealed that the proteins function in
gene expression deregulation in cancer and are potential molecules for therapeutic intervention
in cancer'?>~!8, With a rise in the interest of therapeutic targeting of cancer enabling proteins at
the PPIN level, our findings suggest that therapeutic targeting of only SMGs involved in
edgetic perturbations particularly in BRCA, PRAD, STES and HNSC may not yet be a sound
idea. However, additional incorporation of epigenetic markers engaged in tumourigenesis of
these cancer types may be additionally beneficial as previously suggested !°.

Nevertheless, we found that in 9 out of 13 cancer types, edgetic perturbations were associated
with the SMGs (p < 0.05, Table S3c) as compared to edgetic perturbations resulting from
randomly generated genes with similar network topologies. Our findings correspond to those
of 202! who pointed out that somatic mutations occurring at protein interaction interfaces may
alter protein-protein interaction networks for example by resulting in loss of interactions or
gain of new interactions. Besides, Cui ef al. while analysing the effects of somatic mutations
on the PPIN of liver cancer patients found that SMGs significantly rewire liver cancer PPINs
when compared to random non mutated genes?’. In these 9 cancer types listed above, the
instances showing significant perturbations attributed to the SMGs provide opportunities for
therapeutic targeting at the PPIN level as is in the case with BH3 like proteins®® .

Proteins involved in edgetic perturbations affect the overall patient survival and can serve
as cancer type biomarkers

BRCA. We found that proteins involved in both edgetic gains and losses (e.g., CDC25C, NOS2,
and FOXFI) contribute to BRCA tumorigenesis as previously suggested®*2°. We further
observed that most patients showing significant edgetic perturbations were at a higher risk of
BRCA than those who did not have such edgetic perturbations. For example, the edge between
the regulator of nonsense transcripts 2 and heparan sulfate 3-O-sulfotransferase 3A1 (UPF2-
HS38T3A41) was specifically gained in BRCA patients, and all of them (110/110) were
predicted to be at high risk of BRCA related death (shorter lifespan). Our findings also
corroborate previous research indicating the cell and tumor specificity of HS3S73417 in BRCA
tumorigenesis®S.

LUAD. The primary protein involved in LUAD specific edgetic gains, mitochondrial 2-
oxodicarboxylate carrier (SLC25421, an ornithine decarboxylate carrier), was more significant
in predicting a majority of LUAD patients as being at a higher risk of LUAD related death than
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any other proteins involved in the other perturbations. Tian ef al. have shown the existence of
elevated levels of ornithine decarboxylate (ODC) and polyamines in lung cancer?’ while
Kumar et al. have shown that targeting ornithine decarboxylase and related pathways by the
agent DMFO/Eflornithine prevents tumor and adenocarcinoma formation in mice infected with
lung cancer?®. Since we identified SLC25421 perturbations as being specific to LUAD, our
findings suggest that SLC25421 and three of its interacting partners (PPIE, FBX06, and
NOSIP) may be essential biomarkers in LUAD and targets for LUAD chemoprevention.
LUSC. Proteins involved in both edgetic losses and gains may be important in LUSC
tumorigenesis. For instance, our study indicates that the mediator of RNA polymerase II
transcription subunit 12-like protein (MED12L), a lung cancer marker previously associated
with carboplatin-induced cytotoxicity in cancer patients of African descent®® could be a
multiracial lung cancer biomarker and specifically vital for LUSC subtype. While our study
revealed that LUAD and LUSC shared a high proportion of edgetic losses, we also found
perturbations harbouring proteins distinguishing the two non-small cell lung cancer types. For
example, while previous research has linked significant mutation of the T-cell surface
glycoprotein CD1b (CDIB) protein to non-small cell lung cancer types®’, our study further
suggests that CD1B may be more relevant to LUSC.

PRAD. Even though there was no data for deceased patients in the PRAD cohort, our analysis
revealed at least 13 out of 52 patients that showed a higher risk of PRAD related death as a
consequence of the proteins involved in edgetic perturbations. For instance, we found eight
patients carrying perturbations affecting the homeobox protein DLX-2 (DLX2) that was
explicitly gained in PRAD cancer type, as being at a high risk of PRAD related death. DLX2
is a novel epigenetic marker used in the identification of PRAD patients for active
surveillance’!. Also, we found an additional patient predicted to be at high risk of PRAD-
related death following disruptions involving the galectin-9C (LGALS9C) protein. While a
recent study identified galectin-9 as an anti-cancer agent’?, the authors could not confirm if
LGALSY9C or LGALSYB (galectin-9 like proteins) were also anti-cancer agents. Our research
suggests otherwise, and implicates LGALS9C in tumorigenesis.

KIRC. Proteins involved in both edgetic gains and losses appear to be essential in KIRC
tumorigenesis since a significant number of patients showed a high risk of KIRC-related death
(Table S4 and Fig. S2). Additionally, we discovered KIRC specific edge losses involving the
bcl-2-interacting killer protein (BIK), which was previously reported as a landmark in KIRC
oncogenesis*.

KIRP. Gene expression changes of the proteins involved in both edgetic gain and loss
perturbations could predict overall patient survival, and these proteins have already been found
to be critical in cancer progression. For instance, high levels of expression of the protein
ribonucleoprotein IMP3 (/GF2BP3) is an indicator of kidney tumors more likely to undergo
distant metastasis. Moreover, /GF2BP3 is an independent prognostic marker in kidney
cancers®*. The role of ASB14 in cancer is largely unknown; however, some ASB proteins have
been shown to be involved in cancer progression (e.g., ASB3, ASBS and ASB16 in Kidney
cancer)*>. Our study may be the first to link 4SB14 to kidney cancer: we found ASB/4 and its
interactors to be prognostic in KIRP (p =1.52e-08, Table S4 and Fig. S2), making it a viable
candidate for experimental validation given the recent knowledge of the role of 4ASB proteins
in other types of cancer. Also, our findings agree with those of Prestin ef al. who showed the
deregulation of the nuclear receptor subfamily 0 group B member 1 (NROB2) protein to be an
important step in renal cancer progression®®. Additionally, edgetic loss between dickkopf-
related protein 1 and MyoD family inhibitor (DKKI-MDFI), proteins involved in Wnt
signalling®’-*%, may suggest that deregulation of the Wnt Signalling pathway is a vital event in
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KIRP. Since DKK] is a tumor suppressor’?, its perturbation in KIRP may be an indicator of
why most patients showing this edgetic loss perturbation were at a higher risk of KIRP related
death.

COAD. Proteins involved in both edgetic gains and losses may be essential in COAD
tumorigenesis. Our results agree with previous works linking, for instance, overexpression of
the melanocyte-specific protein 1 (CITEDI) to reduced patient survival in intestinal tumors*
and the voltage-gated calcium channel subunit alpha protein (CACNA 1A) to patient survival as
well as drug resistance in colorectal cancer?!.

THCA. Proteins involved in both edgetic gain and loss perturbations are engaged in THCA
tumorigenesis. Also, our study revealed probable and, to the best of our knowledge, hitherto
unknown THCA biomarkers (RAB40A and CSAG1). However, the ras-related protein Rab-40A
(RAB40A) has been shown to participate in ubiquitination and migration in high-grade breast
cancer samples*? while the expression changes of the chondrosarcoma-associated gene 1
protein (CSAG1), a cancer-testis antigen, has been reported to be a signature in some human
cancer cell lines*. Additionally, other cancer testis antigens are prevalent in thyroid
malignancies, but their biological roles are still unclear*.

HNSC. We found that proteins involved in both edgetic loss and gain perturbations participate
in HNSC progression. For instance, we found an 11-gene (WNK4, SGK1, KLHL2, HSP90AAI,
YWAHQ, AKTI, BCL6, CUL3, NEDD4L, STK39, KLHL3) HNSC-specific loss perturbation
signature with the serine/threonine-protein kinase WNK4 (WNK4) losing interactions with all
the other 10 genes. WNK4 mutations result in hyperkalemia, cell permeability*® and recruitment
of claudin proteins which promote metastasis in cancer*®. Additionally, cullin 3 (CUL3) has
been linked to HNSC metastasis and drug resistance*’. Our study, therefore, presents a multi-
gene HNSC specific biomarker that may be of use in clinical monitoring and therapy decision
making.

STES. Proteins involved in edgetic losses (e.g., HSPAIL) may be more oncogenic than those
involved in edgetic gains: twice as many STES patients were predicted to be at a higher risk of
STES related death by the proteins engaged in edgetic losses. The perturbation of the heat
shock protein (HSPA1L/HSP70-hom) in our analysis supports the current knowledge of the
deregulation of HSP70 anti-apoptotic family members in gastric cancers. HSP7( proteins are
pivotal in the folding of proteins or refolding of denatured proteins and have been shown to be
prognostic in gastric cancers*®. Our study, therefore, additionally supports that HSPAIL may
also be a therapeutic target for STES.

LIHC. Survival analysis revealed that proteins involved in both edgetic gains and losses may
participate in tumor growth and are essential for patient stratification. Our findings corroborate
previous research linking increased expression of the protein Wnt-3a (WNT3A4) to tumor cell
proliferation in LIHC*. We found a 14-gene edgetic gain perturbation biomarker consisting of
WNT3A4, HSPAS5, LRP6, CANX, TRAF2, FZD2, FZDI, KCTDI, PPP2RIB, PPP2R5D,
PPP2R5A, PPP2R5B, PPP2R5E, and PPP2R2D. This 14-gene signature presents a biomarker
for probable therapy targeting via microRNA-195, as previously suggested®.

BLCA. Our results suggest that proteins involved in both edgetic gains and losses are essential
biomarkers in BLCA tumorigenesis and represent candidate BLCA biomarkers. For instance,
perturbations involving the histone protein HIST2H2AC may be responsible for the epigenetic
changes in BLCA tumorigenesis. Accumulation of mutations in HIST2H2AC has previously
been linked to tumorigenesis in cancer’’. Additionally, Monteirro et al. have recently
confirmed that indeed HIST2H2AC may be a biomarker in BRCAS!. Since we have already
shown a close relationship between edgetic gain perturbation in BRCA and BLCA, we tend to
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think that HIST2H2AC may also promote tumor proliferation in BLCA. To our knowledge,
this study is the first to link HIST2H2AC to BLCA oncogenesis.

KICH. To determine if proteins involved in significant edgetic perturbations in KICH play a
role in oncogenesis, we searched in PubMed for publications linking these proteins to cancer
and specifically to KICH oncogenesis®?. The top gained biomarker in KICH (gained in 25/25
samples) included a 14-gene signature (HRK, BCL2, BCL2L1, MCLI, ELAVLI, BCL2A],
GRPR, CEP250, CDK5, DCLK3, DGUOK, SLCI2A5 and NUFIPI) with the activator of
apoptosis harakiri (HRK) protein gaining interactions with all the other 13 genes. While HRK
together with other pro-apoptosis BH3-only members of the Bcl2 family have been extensively
linked to apoptosis®® and possible cancer therapy>*, to our knowledge, no study has linked them
directly to KICH oncogenesis. Our study uncovered deregulation of several Bcl2 family
members in KICH, and this information may be critical for therapeutic targeting for the only
clinically approved drug venetoclax in treating leukaemia®3.

Hierarchical clustering of perturbed edges reveals cancer types sharing similar
perturbation signatures

The first set consisted of edgetic perturbations affecting the melanoma-associated antigen 3
protein (MAGEA3) and the DNA repair and recombination protein RADS54-like (RADS54L)
(Fig. S5A). These perturbations were observed only in BRCA, LUAD, STES and BLCA.
Yamada et al. have shown that deregulation of MAGEA3 and other cancer testis antigens in
BRCA and LUAD maybe a promising route for therapeutic targeting®®. Our results further
suggest that MAGEA3 is similarly deregulated in STES, LUSC and BLCA and therapeutic
targeting of this protein can also be extended to patients diagnosed with these three cancer
types. Moreover, the periodic upregulation of RAD54L (a DNA repair protein) during the G1/S
phase of the cell cycle has been shown to positively correlate with cancer proliferation by
setting up feedback loops important in rapid cell multiplication processes>®. While the TCGA
consortium ranks RADS54L as one of the genes involved in the DNA repair pathway in some
TCGA cancer types®’, our study further suggests that RAD54L deregulation may be an indicator
of S phase expression in BRCA, LUSC, LUAD, STES and BLCA, therefore implicating
RADS54L in the proliferation of the above cancer types . The other set of the predicted
informative perturbations affected the histone-H3 like centromeric protein A (CENPA),
kinesin-like protein KIF14 (KIF14), RPGR-interacting protein 1 (RPGRIPI), and
deoxyribonuclease-2-beta (DNASE2B) protein and were observed in KICH, KIRP, KIRC,
LIHC, PRAD, STES and THCA (Fig. S5B). While CENPA is an epigenetic marker in multiple
cancer types indicating how aggressive the cancer type is °*, the role of RPGRIPI in cancer
is not yet clear®!, As it is a player in ciliopathy and proteasome deregulation, our results
suggest that additional research should be undertaken to establish the oncogenic or tumorigenic
role of RPGRIPI in cancer. Additionally, deregulation of KIF/4 and DNASE2B via p27
signaling has been observed in multiple cancer types®>% and may offer an opportunity for
therapeutic targeting since p27 has been found to be prognostic of therapeutic response in
cancer®. Our results, therefore, indicate that the proteins prone to gaining new interacting
partners, while being relatively rare compared to proteins involved in edgetic losses, also have
a role in cancer progression, may be important disease monitors and are possible candidates
for therapeutic targeting.

Clustering of the edgetic loss patterns identified two main clusters: one cluster consisting of
PRAD, STES, THCA, and BLCA and another cluster consisting of KIRP, KIRC, KICH,
LUAD, LUSC, LIHC, COAD, BRCA and HNSC (Fig. 7B). Here, we also found two sets of
edgetic perturbation patterns important in distinguishing these cancer types. One set contained



291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339

edgetic perturbations affecting the peripherin-2 protein (PRPH) together with the edges
connecting the amyloid-beta precursor protein and the serine/threonine protein kinase NIM1
(APP-NIMIK), and the reelin protein with the very low-density lipoprotein receptor (RELN-
VLDLR) (Fig. S5C). These perturbations were frequently observed in PRAD, STES, THCA,
and BLCA, suggesting a shared disease mechanism amongst these cancer types. Depletion of
APP and NIMIK has been found to control the G1 or G2 phase of mitotic cells resulting in
abnormal cell sizes®%®. The inhibition of proteins involved in the deregulation of G1/G2
checkpoint (e.g., WEET) has been suggested to be a viable option for therapy development
(e.g., the drug AZD1775/MK1775) against advanced malignancies®’. First, our results indicate
that the patients having the above perturbations were at an advanced cancer stage, and
secondly, AZD1775 may be viable in controlling the G1 or G2 phase of abnormal mitotic cells
in patients diagnosed with advanced PRAD, STES, THCA, and BLCA. Wang et al. have
previously shown that inactivation of alpha-internexins in gastroenteropancreatic
neuroendocrine tumors (cancers affecting the pancreas, thyroid glands, gastrointestinal tract
and partly the bladder) indicated poor prognosis of the patients®®. In this study, we specifically
found deregulation of PRPH/peripherin (an alpha-internexin) via edgetic loss perturbations,
thus suggesting that it may be indicative of aggressive gastroenteropancreatic neuroendocrine
tumors and consequently provide direction in therapy decision making as well as in disease
monitoring. The second set contained high scoring edgetic perturbations affecting the
neurotrophic tyrosine kinase receptor type 1 (NTRK/) and occurred in KIRP, KIRC, KICH,
LUAD, LUSC, LIHC, COAD, BRCA and HNSC (Fig. S5D). As already mentioned above,
NTRK]I is a target for the drug Entrectinib. Our study, therefore, implies that the drug
Entrectinib is not only beneficial to non-small cell cancer types but may also be clinically
relevant to KIRP, KIRC, KICH, LIHC, COAD, BRCA and HNSC.

Finally, to account for all the molecular pathways affected by the edgetic perturbations, we
performed clustering based on both edgetic gains and losses that yielded 3 main groups
consisting of (i) LIHC, KICH, KIRC, KIRP, (ii) PRAD, STES, BLCA, THCA and (iii) LUAD,
LUSC, COAD, BRCA and HNSC (Fig. 7C). Here, the random forest algorithm predicted 3
groups of perturbed edges as being highly discriminant of the cancer types. The first group of
perturbed edges was observed in LIHC, KICH, KIRC, KIRP and affected the Wnt-7b protein
(WNT7B), together with a number of edges — e.g., the edge between the homeobox protein
Hox-B9 and the hepatocyte nuclear factor 3-alpha protein (HOXB9-FOXA1) (Fig. SSE). The
perturbations affecting WNT7B involved edgetic gains in KICH, KIRP and LIHC and edgetic
losses in BLCA, BRCA, COAD and STES. No perturbations involving WNT7B were found in
HNSC, KIRC, LUAD, LUSC, PRAD and THCA. We suggest that WNT signaling may be
enhanced in KICH, KIRP and LIHC while being depleted in BLCA, BRCA, COAD and STES
tumor types. WNT7B participates in the deregulation of the beta catenin, c-Jun N-terminal and
Ca®" releasing pathways, and its increased expression is critical in cancer development®. For
example, when up-regulated in BRCA, STES and some types of LIHC (cholangiocarcinoma),
this abnormal expression correlates to poor prognosis and can be pharmacologically inhibited
in mice’"73. Our results indicate that both up- and downregulation of WNT7B across cancer
types may result in edgetic gains or losses at the protein-protein interaction network, and
further suggest which human cancer types may be candidates for a WNT7B-based targeted
therapy or disease monitoring (i.e, KICH, KIRP, LIHC, BLCA, BRCA, COAD and STES).
We also found another grouping of multiple perturbed edges that were crucial in distinguishing
the cancer types (Fig. SS5F). Of these, the edge between the phosphatase and tensin homolog
protein and sialyltransferase 8F protein (PTEN-ST8SIA6) was predicted to have the highest
score. This edgetic perturbation involved edgetic losses in BRCA, COAD, HNSC, KIRC,
KIRP, LIHC, LUAD and LUSC, with an edgetic gain in PRAD, but no perturbations in THCA,
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BLCA and STES. Our study agrees with the current knowledge on the loss of the tumor
suppressor PTEN, in multiple cancer types’®. The loss of PTEN in cancer has been correlated
to immunosuppression and reduced T cell trafficking in mice melanoma cells”. Our findings
suggest that PTEN and P13-AKT pathway targeted immunotherapy may be beneficial in
BRCA, COAD, HNSC, KIRC, KIRP, LIHC, LUAD and LUSC cancer types but probably not
in THCA, BLCA and STES. Lastly, edgetic perturbations affecting the ciliary neurotrophic
factor (CNTF), otoferlin (OTOF), and the inhibitor of CDK interacting with cyclin A1 (INCAI)
proteins together with the edge between cytokeratin-75 and cullin-3 (KRT75-CUL3) proteins
were also predicted to be crucial in distinguishing the cancer types (Fig. S5G). CNTF and
INCA 1 perturbations were only observed in cluster 3 cancer types and involved edgetic losses
in all the 5 cancer types in cluster 3. OTOF perturbations affected edgetic losses in COAD,
HNSC, LUSC and BRCA, edgetic gains in BLCA, KIRP and THCA, but no perturbations in
KIRC, LIHC, PRAD and STES. Our findings confirm that the above mentioned proteins are
crucial in tumor progression as previously suggested’®’® and pinpoint their important role in
tumor progression in BRCA, LUAD, LUSC, COAD, BRCA and HNSC.

Isoform switches and resultant domain changes between cancer and healthy states result
in edgetic perturbations.

To test whether our results were brought about by differential gene expression or were due to
domain changes between the healthy and cancer state, we used the R package BiRewire first
to generate a randomized network and then analyzed the resulting perturbations. We did this
by building condition-specific PPINs in three randomly selected cancer types (BRCA, THCA
and BLCA). We were able to (i) recover the prominent proteins involved in edgetic
perturbations resulting from the loss or gain of genes in the cancer state (see Table S4a and
Dataset 2), and (ii) found that both BRCA and THCA had similar perturbation patterns even
after network randomization (see Fig. S1). For BLCA, the results were different: the cancer
PPIN was significantly bigger than the healthy network when using the randomized network,
suggesting that our approach may not be optimal when dealing with few paired data sets (19
paired samples in the case of BLCA). These results further indicate that the edgetic
perturbations we obtained were indeed a property of the protein interactions and also the
expression landscape of the genes. In brief, the cancer state expressed slightly fewer genes than
the healthy state, resulting in a reduced number of protein products available to interact with
each other. The consequence of this is manifested in the PPIN, where a reduced (or increased)
number of interactions is observed. In THCA, for example, the mean number of interactions in
the cancer state was 115673, while the mean in the healthy state was 108334 (Fig. S1). For the
obtained perturbations, the proteins involved in these disruptions were still predictive of patient
survival (Fig. S4).

Protein nodes rewired across cancer types are involved in tumorigenesis

We used DyNet algorithm in Cytoscape to find significantly rewired proteins, that is, nodes
recurrently affected by edgetic perturbations. We selected a node as considerably rewired if it
had a DyNet score of at least 0.5 (see methodology section)!. In cancer, significantly rewired
nodes were either perturbed across cancer types or were specific to a cancer type, with some
being known cancer biomarkers (Dataset 3). Nodes rewired across multiple cancers, for
example, QOHBJO (PLACI), Q9BVV2 (FNDCI11)and Q5T7N2 (LITD1I) have been suggested
to influence the growth of tumor cells in various cancer types®=. Furthermore, to better
understand the association between the significantly rewired nodes and cancer, we used
DisGeNET* in clusterProfiler to search for any gene-disease relationships associated with the
rewired nodes. We found that most of these proteins were significantly (p < 0.05) associated
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with diseases observed during the onset of cancer (e.g bronchial and lung dysplasia) as well as
the development of multiple cancer types (Table S6).
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Supporting Information Legends

Text S1.docx: Supplementary text with additional data regarding the methodology and results
sections.

Table S1.xlsx: An isoform switch coupled with domain changes in any of the interacting
proteins results to edgetic perturbations.

Table S2.xIsx: The identified edgetic perturbations are retained in the protein-abundance
filtered PPIN.

Table S3.xlsx: Specific cancer SMGs are involved in edgetic perturbations of cancer PPINs.
Table S4.xIsx: Importance of the proteins involved in multiple edgetic perturbations or edges
frequently perturbed across patients of a cancer type and their significance in predicting overall
patient survival.

Table S5.xlIsx: Characteristics of healthy and cancer PPINs and associated perturbations in 13
cancer types.

Table S6.xlsx: Enriched gene ontologies, disease ontologies and KEGG pathways for proteins
involved in egdetic perturbations.

Table S7.xlsx: Multi-cancer edgetic perturbations

Table S8.xIsx: Distribution of patient samples harboring the top gained/lost edges across cancer
stages.

Table S9.xlsx: Clinical and phenotypic traits of 639 patients diagnosed with 13 cancer types as
obtained from TCGA.

Fig. S1.pdf: Differences between the number of interactions in the healthy and cancer states
for BLCA and BRCA. Healthy and cancer PPINs significantly differ in size in even in the
condition specific networks obtained from the randomized PPIN (p-value <0.05). The density
plots indicate the distribution of paired cancer and healthy PPIN sizes in BRCA and BLCA.
For both cancer types, the healthy PPIN was larger than the corresponding cancer PPIN.

Fig. S2.pdf: Kaplan-Meier survival analysis plots of multigene cancer biomarkers involved in
edgetic perturbations. The x axes indicate the number of days until patient death whereas the y
axes indicate the probability of patient survival. In all the figures, the green lines indicate better
survival (longer life-span) after cancer diagnosis while the red lines indicate poor survival
(shorter life-span) after cancer diagnosis as a result of the proteins involved in edgetic gains or
losses. In all the cases, the proteins involved in edgteic perturbations predicted poor survival
of the patients (Logrank test p-value < 0.05), indicating their importance in cancer monitoring
and prognosis. (i) Overall survival predicted from gene signatures involved in edgetic gains
across most patients of a cancer type (except for LIHC), (i1) Overall survival predicted from
gene signatures involved in edgetic losses across most patients of a cancer type, (iii) Overall
survival predicted from gene signatures involved in edgetic gains across patients showing
cancer-specific perturbations, (iv) Overall survival predicted from gene signatures involved in
edgetic losses across patients showing cancer-specific perturbations. The names of the
prominent proteins with multiple perturbations responsible for the above observations can be
found in S4 Table.

Fig. S3.pdf: Kaplan-Meier survival analysis plots of multigene cancer biomarkers involved in
edgetic perturbations as a result of Isoform/domain changes in the cancer state. The x axes
indicate the number of days until patient death whereas the y axes indicate the probability of
patient survival. In all the figures, the green lines indicate better survival (longer life-span)
after cancer diagnosis while the red lines indicate poor survival (shorter life-span) after cancer
diagnosis as a result of the proteins involved in edgetic gains or losses. In all the cases, the
proteins involved in edgteic perturbations predicted poor survival of the patients (Logrank test
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p-value < 0.05), indicating their importance in cancer monitoring and prognosis. (i) Overall
survival predicted from gene signatures involved in edgetic gains across most patients of a
cancer type, (ii) Overall survival predicted from gene signatures involved in edgetic losses
across most patients of a cancer type. The names of the prominent proteins with multiple

perturbations responsible for the above observations can be found in S4 Table (marked with

Fig. S4.pdf: Kaplan-Meier survival analysis plots of multigene cancer biomarkers involved in
edgetic perturbations from the randomized PPIN. The x axes indicate the number of days until
patient death whereas the y axes indicate the probability of patient survival. In all the figures,
the green lines indicate better survival (longer life-span) after cancer diagnosis while the red
lines indicate poor survival (shorter life-span) after cancer diagnosis as a result of the proteins
involved in edgetic gains or losses. In all the cases, the proteins involved in edgteic
perturbations predicted poor survival of the patients (Logrank test p-value < 0.05), indicating
their importance in cancer monitoring and prognosis. (A) Overall survival predicted from gene
signatures involved in edgetic gains across most patients in BRCA, (B) Overall survival
predicted from gene signatures involved in edgetic gains across most patients in BLCA. The
names of the prominent proteins with multiple perturbations responsible for the above
observations can be found in S4 Table.

Fig. S5.pdf: Top ranked features (edges) from the Random Forest algorithm that distinguish
cancer types based on the identified groups from hierarchical clustering (Fig. 7 of main text).
The x axes indicate the percentage (%) Mean Squared Error (MSE2). The higher the %MSE
of the feature (perturbed edge), the more important the perturbed edge is in identifying a cluster.

Fig. S6.pdf: For each plot, the left blue curve represents the lowly-expressed genes while the
grey curve represents the highly-expressed genes across patients of a cancer type for both
healthy and cancer samples, respectively. We used these characteristic peaks as a threshold and
only kept the genes with an all-samples probability score of greater than 0.8 for subsequent
analysis.

Datasets available at EdgeExplorer:
http://webclu.bio.wzw.tum.de/EdgeExplorer/AboutOurSite

Dataset 1.xls: Comparison of the expressed genes between cancer and healthy states across 13
cancer types.

Dataset 2.xlsx: Edgetic perturbations in BLCA and BRCA after network randomization.
Dataset 3.xlsx.zip: Edgetic perturbations for each cancer type.

Dataset 4.xlsx.zip: Reproducible edgetic perturbations for each cancer type.
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S2 Fig (A - M): Kaplan-Meier survival analysis plots of multigene cancer biomarkers involved in edgetic
perturbations. The x axes indicate the number of days until patient death whereas the y axes indicate
the probability of patient survival. In all the figures, the green lines indicate better survival (longer
life-span) after cancer diagnosis while the red lines indicate poor survival (shorter life-span) after cancer
diagnosis as a result of the proteins involved in edgetic gains or losses. In all the cases, the proteins
involved in edgteic perturbations predicted poor survival of the patients (Logrank test p-value < 0.05),
indicating their importance in cancer monitoring and prognosis. (i) Overall survival predicted from gene
signatures involved in edgetic gains across most patients of a cancer type (except for LIHC), (ii) Overall
survival predicted from gene signatures involved in edgetic losses across most patients of a cancer type,
(iii) Owverall survival predicted from gene signatures involved in edgetic gains across patients showing
cancer-specific perturbations, (iv) Overall survival predicted from gene signatures involved in edgetic
losses across patients showing cancer-specific perturbations. The names of the prominent proteins with
multiple perturbations responsible for the above observations can be found in S4 Table a and b.
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S3 Fig (A - L): Kaplan-Meier survival analysis plots of multigene cancer biomarkers involved in
edgetic perturbations as a result of Isoform/domain chnages in the cancer state. The x axes indicate
the number of days until patient death whereas the y axes indicate the probability of patient survival.
In all the figures, the green lines indicate better survival (longer life-span) after cancer diagnosis
while the red lines indicate poor survival (shorter life-span) after cancer diagnosis as a result of
the proteins involved in edgetic gains or losses. In all the cases, the proteins involved in edgteic
perturbations predicted poor survival of the patients (Logrank test p-value < 0.05), indicating their
importance in cancer monitoring and prognosis. (i) Overall survival predicted from gene signatures
involved in edgetic gains across most patients of a cancer type, (ii) Overall survival predicted from
gene signatures involved in edgetic losses across most patients of a cancer type. The names of the
prominent proteins with multiple perturbations responsible for the above observations can be found
in S4 Table 1a (marked with **¥*),
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S4 Fig (a - b): Kaplan-Meier survival analysis plots of multigene cancer biomarkers involved in edgetic
perturbations from the randomised PPIN. The x axes indicate the number of days until patient death
whereas the y axes indicate the probability of patient survival. In both the figures, the green lines
indicate better survival (longer life-span) after cancer diagnosis while the red lines indicate poor
survival (shorter life-span) after cancer diagnosis as a result of the proteins involved in edgetic gains
or losses. In all the cases, the proteins involved in edgteic perturbations predicted poor survival of
the patients (Logrank test p-value < 0.05), indicating their importance in cancer monitoring and
prognosis. (A) Overall survival predicted from gene signatures involved in edgetic gains across most
patients in BRCA, (B) Overall survival predicted from gene signatures involved in edgetic gains across
most patients in BLCA. The names of the prominent proteins with multiple perturbations responsible
for the above observations can be found in S4 Table a.
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S5 Fig (a-g): Top ranked features (edges) from the Random Forest algorithm that distinguish cancer

types based on the identified groups from hierarchical clustering (Figure 5 of main text ).

The x

axes indicate the percentage (%) Mean Squared Error (MSE2). The higher the %MSE of the feature
(perturbed edge), the more important the perturbed edge is in identifyng a cluster.
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S6 Fig (A-H): For each plot, the left blue curve represents the lowly-expressed genes while the grey
curve represents the highly-expressed genes across patients of a cancer type for both healthy and cancer
samples, respectively. We used these characteristic peaks as a threshold and only kept the genes with
an all-samples probability score of greater than 0.8 for subsequent analysis.



