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Abstract 

Aberrant alternative splicing (AS) is a prominent hallmark of cancer. AS can perturb protein–protein interactions (PPIs) by adding or removing 
interface regions encoded by individual exons. Identifying prognostic exon–exon interactions (EEIs) from PPI interfaces can help disco v er AS- 
affected cancer-driving PPIs that can serve as potential drug targets. Here, we assessed the prognostic significance of EEIs across 15 cancer 
types by integrating RNA-seq data with three-dimensional (3D) str uct ures of protein comple x es. By analyzing the resulting EEI network we 
identified patient-specific perturbed EEIs (i.e., EEIs present in healthy samples but absent from the paired cancer samples or vice versa) that 
were significantly associated with survival. We provide the first evidence that EEIs can be used as prognostic biomarkers for cancer patient 
survival. Our findings provide mechanistic insights into AS-affected PPI interfaces. Given the ongoing expansion of available RNA-seq data 
and the number of 3D str uct urally -resolv ed (or confidently predicted) protein comple x es, our computational frame w ork will help accelerate the 
disco v ery of clinically important cancer-promoting AS e v ents. 
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ailure to identify patients with aggressive cancer and then
o intervene in a timely manner dramatically lowers life ex-
ectancy of affected individuals ( 1 ). Molecular survival anal-
sis aims to identify prognostic biomarkers, i.e., molecules
hose abundance correlates with the survival rates of patients.

dentification of such molecular prognostic biomarkers is cru-
ial for stratification of patient groups according to their sur-
ival risk as well as for discovering potential anti-cancer drug
argets. 

Numerous studies have used molecular and clinical data
rom public databases, such as The Cancer Genome At-
as (TCGA) ( 2 ), to perform molecular survival analysis ( 3–
 ). One such recent study evaluated genome-wide asso-
iations between patient survival and six different types
f molecular profiles: gene expression, protein expression,
oint mutations, copy number alterations, DNA methyla-
ion and microRNA expression, across 33 cancer types ( 8 ).
he study found that the number of prognostic molecules
aried across cancer types, highlighting that different can-
er types have different molecular prognostic biomarkers
ue to the difference in the underlying mechanisms of
athogenesis. 
Since proteins often function by interacting with each other

o form protein–protein interactions (PPIs), one promising di-
ection of anti-cancer drug development has been to target
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PPIs ( 9 ). For example, GDC-0917 is a drug that targets the
interaction between the Caspase-9 protein and X-linked in-
hibitor of apoptosis protein, and is in phase I trials for treat-
ment of solid cancers ( 10 ). Aberrant PPIs have been related
to cancer development ( 11 ,12 ) and PPI-level differences have
been reported among cancer types ( 13 ,14 ), which could be due
to the underlying differences in the patterns of cancer type-
related mutations ( 15 ) or alternative splicing (AS) ( 16 ). For ex-
ample, Climente-González et al. ( 17 ) identified a number of AS
events that perturb PPIs across 11 cancer types. Furthermore,
a recent study evaluated associations between patient sur-
vival and AS events across 31 cancer types ( 7 ). Although the
prognostic value of individual AS events has been explored,
a comprehensive large-scale investigation of AS-related PPI
perturbations with cancer prognostic value has so far been
lacking. 

Here, we performed a pan-cancer analysis to evaluate the
prognostic value of exon–exon interaction (EEI) interfaces of
protein complexes across 15 cancer types that had enough
paired (healthy and cancer) patient samples and transcrip-
tomics data in TCGA. RNA-seq data were integrated with
three-dimensional (3D) structures of heterodimeric protein
complexes from the Protein Data Bank (PDB) ( 18 ). The num-
ber of perturbed EEIs (i.e., EEIs present in a healthy sam-
ple but absent from the paired cancer sample or vice versa)
associated with patient survival exhibited strong variation
 10, 2024. Accepted: September 13, 2024 
enomics and Bioinformatics. 
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Figure 1. Ov ervie w of the study. Transcriptomics and clinical data from T he Cancer Genome Atlas w ere integrated with str uct ural protein complex data 
from the Protein Data Bank to identify cancer-relevant perturbed exon–exon interactions (EEIs), which were then used to derive cancer type-related EEI 
signatures and prognostic biomarkers. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

across cancer types. Importantly, we show that many of such
perturbed EEIs can be used as potential prognostic survival
biomarkers (Figure 1 ). For example, two of the identified EEIs
possessing prognostic value in breast cancer constitute an im-
portant part of the interaction interface in the go-ichi-ni-san
(GINS) protein complex, which has been previously related
to breast cancer prognosis ( 19 ,20 ). Our findings can not only
unravel novel prognostic survival biomarkers, but can also
be mined to gain insights into the interface regions of pro-
tein complexes that can potentially be targeted by anti-cancer
drugs. 

Data and methods 

Transcriptomics data 

We identified primary solid tumor (cancer) and patient-
matched control (healthy) samples in the TCGA database as-
sociated with those 15 cancer types that had at least 10 pa-
tients each (Table 1 ). To perform survival analysis for each
cancer type (Section Survival analysis), we considered patients
with at least one cancer sample and overall survival informa-
tion. For the total of 7547 TCGA samples (across 6861 pa-
tients) obtained using the above two procedures, we down- 
loaded the corresponding RNA-seq reads (bam files) from 

TCGA that were aligned to the Genome Reference Consor- 
tium Human Build 38. 

Given a bam file, raw exon expression was quantified as fol- 
lows. First, we downloaded the exon annotation from the En- 
sembl database ( 21 ). Second, we employed the testPairedEnd- 
Bam function from Rsamtools R package to differentiate be- 
tween the bam files containing paired-end and single reads.
For the former, raw exon counts were quantified by feature- 
Counts ( 22 ) using the command featureCounts –p –O –t exon 

–g exon_id –F GTF –T 8 –a EnsemblExonAnnotation , while 
for the latter we used the command featureCounts –O –t exon 

–g exon_id –F GTF –T 8 –a EnsemblExonAnnotation . 
For each cancer type, given the raw expression values from 

each sample (cancer or healthy) of every patient, we removed 

technical bias in samples using the Trimmed Mean of M- 
values method (TMM) ( 23 ) to obtain the normalized exon 

counts, which were then converted into counts-per-million 

(CPM) values. An exon was defined to be expressed if the cor- 
responding CPM value was greater than a chosen threshold.
Six CPM value thresholds were tested in this work: 0.05, 0.1,
0.2, 0.5, 1 and 2. 
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Table 1. Patient counts across 15 cancer types 

Cancer type 

TCGA 

cancer 
code 

# of patients 
with paired 

samples 

# of patients 
with at least 
one cancer 
sample and 

o ver all 
survival 

information 

Bladder urothelial 
carcinoma 

BLCA 19 403 

Breast invasive 
carcinoma 

BRCA 113 1093 

Colon adenocarcinoma COAD 41 455 
Esophageal carcinoma ESCA 13 184 
Head and neck 
squamous cell 
carcinoma 

HNSC 43 519 

Kidney chromophobe KICH 25 65 
Kidney renal clear cell 
carcinoma 

KIRC 72 533 

Kidney renal papillary 
cell carcinoma 

KIRP 32 289 

Liver hepatocellular 
carcinoma 

LIHC 50 369 

Lung adenocarcinoma LUAD 58 507 
Lung squamous cell 
carcinoma 

LUSC 51 495 

Prostate 
adenocarcinoma 

PRAD 52 495 

Stomach 
adenocarcinoma 

STAD 33 406 

Thyroid carcinoma THCA 59 505 
Uterine corpus 
endometrial carcinoma 

UCEC 23 543 
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ataset of heterodimeric protein complexes with 

nown 3D structures and annotated exons 

e identified 6670 reviewed human proteins from the UniProt
atabase ( 24 ) (downloaded in January 2022) with the total of
1 330 known 3D structures available in the Crystallographic
nformation Files of the PDB, where each protein had at least
ne PDB structure determined either by X-ray crystallogra-
hy or electron microscopy with better than 3Å resolution,
r by nuclear magnetic resonance. To capture potential het-
rodimers, we selected PDB structures that contained at least
wo different co-crystallized proteins represented in distinct
rotein chains. If multiple alternative structures were available
or a given pair of co-crystallized proteins, we selected the PDB
ntry with the highest number of structurally resolved amino
cids. The above two selection criteria resulted in 13 967 het-
rodimers across 2349 PDB entries covering 2882 proteins. 

To map exon information onto proteins, we matched
niProt IDs and Ensembl transcripts using the biomaRt R
ackage. Out of many alternative transcripts of a given
ene, we picked the one that matched exactly the corre-
ponding UniProt protein based on pairwise global align-
ent. Heterodimers in which one or both proteins did not
ave such transcripts were excluded from further consider-
tion. This procedure yielded 13 240 heterodimers across
088 PDB entries covering 2660 proteins. For each of the
660 proteins, we mapped exon coordinates onto their
mino acid sequences according to the Ensembl GTF file
‘Homo_sapiens.GRCh38.105.gtf.gz’). 

Subsequently, we kept for further analyses only those pro-
eins for which unambiguous correspondence between the
amino acid sequences provided in the UniProt and the PDB
could be established according to the Structure Integration
with Function, Taxonomy, and Sequence (SIFTS) database
( 25 ). Our final dataset contained 13 190 heterodimers across
2064 PDB IDs covering 2649 proteins. 

Definitions of ex on–ex on interactions 

For each pair of co-crystallized proteins, we evaluated whether
any two exons from these two proteins interact, i.e., form
an exon–exon interaction (EEI), using three alternative ap-
proaches: contact-based, energy-based, and evolution-based. 

Contact-based approach 

Two exons were considered to interact if there was at least
one residue–residue contact between them. Contacts between
any two residues were defined based on the spatial distance
of 6 Å between any of their heavy atoms, as is typically done
to obtain biologically relevant protein contact maps ( 26–29 ).
The above procedure resulted in an EEI network (EEIN) with
16 012 EEIs among 9442 exons. 

Energ y-based approac h 

We used PISA (Protein Interfaces, Surfaces, and Assemblies;
https:// www.ebi.ac.uk/ msd-srv/ prot _ int/ cgi-bin/ piserver ) ( 30 )
to evaluate whether an interface between two co-crystallized
proteins is biologically relevant. PISA computes a solvation
free energy gain upon interface formation between two pro-
teins and then determines the probability of observing the
same solvation free energy gain by chance when a random
set of atoms (with the same area as that of the interface) is
picked from the same two proteins surfaces not participat-
ing in the interface. PISA considers an interface to be biolog-
ically relevant if the corresponding probability is < 0.5. For
each PISA-defined biologically relevant interface, we consid-
ered each pair of interface exons originating from the two
proteins as an EEI and thus obtained an EEIN with 18 619
EEIs among 6946 exons. 

Evolution-based approach 

We used EPPIC (Evolutionary Protein–Protein Interface Clas-
sifier) ( 31 ) to evaluate whether an interface between two co-
crystallized proteins is biologically relevant based on a com-
bination of evolutionary information and surface area of the
interface. EPPIC characterizes an interface between two pro-
teins as biologically relevant if the interface surface area is
> 2200 Å2 , while it characterizes an interface to be an arti-
fact of crystallization if the interface surface area is smaller
than 440 Å2 . For any interface with an area between 400
Å2 and 2200 Å2 , EPPIC assesses the evolutionary conserva-
tion of the corresponding protein sequences to characterize
whether the interface is biologically relevant or not. For each
EPPIC-defined biologically relevant interface, we considered
each pair of interface exons originating from the two proteins
as an EEI and thus obtained an EEIN with 16 991 EEIs among
5975 exons. 

Global and sample-specific EEINs at different 
confidence levels 

We employed three global EEINs with a varying degree
of confidence and coverage: (i) a high confidence network
(NETHIGH) with the smallest coverage having 6572 edges
( ∼25%) supported by all three EEI definition approaches (Sec-

https://www.ebi.ac.uk/msd-srv/prot_int/cgi-bin/piserver
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Figure 2. Details of the global EEINs at different confidence le v els used 
in this study. The top panel outlines the overlap of the three global EEINs 
corresponding to the three EEI definition approaches. Given an area of 
the Venn diagram, the two numbers represent the numbers of edges and 
the percentage of edges o v er all edges (26 632) in the union of the three 
netw orks, respectiv ely. T he bottom panel sho ws the details of the 
netw ork siz es of the final three global EEINs with different confidence 
and co v erage. See Supplementary Figure S1 to get an o v ervie w of the 
distribution of NETHIGH EEIs across the considered PPIs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figur e 3. P artitioning of edges into edge categories f or a giv en patient or 
cancer type, illustrated on a dummy set of eight edges. For each patient, 
three edge categories were defined: ( A ) gained edges, denoted ‘01’, 
which are not present in the healthy sample but are present in the paired 
cancer sample ( B ) lost edges, denoted ‘10’, which are present in the 
healthy sample but are absent from the paired cancer sample and ( C ) 
non-perturbed edges, denoted either ‘00’ or ‘11’, which are either absent 
from both healthy or cancer samples or present in both healthy or cancer 
samples. For each cancer type, we grouped the edges into six categories 
(last column in the table of this figure). 

 

tion Definitions of exon–exon interactions), (ii) a medium con-
fidence network (NETMEDIUM) with 18 418 edges ( ∼69%)
supported by at least two EEI definition approaches, and (iii)
a low confidence network (NETLOW) with the largest cov-
erage having 26 632 edges (100%) supported by at least one
EEI definition approach (Figure 2 ). 

Based on the exon expression data associated with a pa-
tient sample (cancer or healthy), sample-specific EEINs were
derived as induced subgraphs of a global EEIN (i.e., any
of NETHIGH, NETMEDIUM or NETLOW) by considering
all sample-specific expressed exons (Section Transcriptomics
data) present in the EEIN along with the EEIs between them.

Patient- and cancer type-related categories of 
ex on–ex on interactions 

For each patient, we compared cancer and healthy sample-
specific EEINs to identify three edge types in a global EEIN:
(a) gained edges that were present in the cancer sample but
were absent from the healthy sample, (b) lost edges that were
present in the healthy sample but were absent from the cancer
sample and (c) non-perturbed edges that were either absent
from both healthy and cancer samples or were present in both
the cancer and healthy samples. These three types of edges are
exemplified in Figure 3 : (a) the edge {H,B} is a gained edge for
patient 2 because it is absent from the healthy sample but is
present in the paired cancer sample, (b) the edge {A,B} is a lost
edge for patient 1 because it is present in the healthy sample 
but is absent from the paired cancer sample, (c) the edge {B,C} 
is a non-perturbed edge for patient 1 because it is present in 

both the healthy and cancer samples. Similarly, the edge {B,C} 
is a non-perturbed edge in patient 3 because it is absent from 

both the corresponding healthy and cancer samples. 
For each cancer type, given the gained, lost, and non- 

perturbed edges defined for every patient, we further defined 

the following six edge types: (a) non-perturbed edges that were 
not perturbed (‘00’ or ‘11’ in Figure 3 ) in any of the consid- 
ered patients, (b) strictly gained edges that were gained (‘01’ in 

Figure 3 ) in at least two patients but were not perturbed in any 
of the other patients, (c) strictly lost edges that were lost (‘10’ 
in Figure 3 ) in at least two patients but were not perturbed in 

any of the other patients, (d) patient-specific gained edges that 
were gained in exactly one patient but were not perturbed in 

any of the other patients, (e) patient-specific lost edges that 
were lost in exactly one patient but were not perturbed in any 
of the other patients and (f) gained or lost edges that were lost 
in at least one patient and were gained in at least one other pa- 
tient. An edge was categorized to be perturbed if it belonged 

to any of the five edge types (b) through to (f). 

Survival analysis 

Given a cancer type with all of the corresponding patient sam- 
ples, a particular edge connecting two exons, and an exon 

expression threshold, we investigated whether the presence 
(both exons expressed) or absence (one or both exons not ex- 
pressed) of that edge is informative of patient survival rates.
To ensure sufficient sample size, we only considered the edge 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
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f it partitioned patients into two groups with at least 10 pa-
ients in each group, such that the edge was present in all of
he patients in one group while it was absent from all of the
atients in the other group. We assessed whether the edge’s
resence or absence is statistically significantly associated with
he distinction between the patients with high vs. low survival
ate by comparing the corresponding Kaplan–Meier survival
urves and computing the logrank p -value. We considered an
dge to be statistically significantly associated with the patient
urvival rate if the corresponding logrank p -value was smaller
han or equal to 0.05. 

enes significantly associated with patient survival 

ssociations between the mRNA expression of individual
enes and patient survival were established using the data pro-
ided in the Supplementary Table S1 of the publication by
mith and Sheltzer ( 8 ), who correlated gene expression lev-
ls with clinical outcomes using the Cox proportional haz-
rds regression. Only those 16 340 genes were considered that
apped to UniProt IDs as per the biomaRt package in R. As

ecommended by the authors, a gene was considered to be
tatistically significantly associated with patient survival of a
iven cancer type if its corresponding Z -score, calculated by
ividing the regression coefficient by its standard error, was
maller than –1.96 or greater than 1.96, both of which cor-
espond to a p -value of < 0.05. Given a cancer type, we com-
uted the overlap between the genes showing statistically sig-
ificant associations with patient survival and any other given
et of genes using the hypergeometric test. Here, we used all
6 340 genes as the background. 

lternative splicing events significantly associated 

ith patient survival 

ssociations between AS events (described in the SpliceSeq
 32 ) and SpIAdder ( 33 ) resources) and patient survival were
btained from the study of Zhang et al. ( 34 ), which reported
ancer type-related AS events that are significantly ( p -value
 0.05) correlated with clinical outcomes according to the
ox proportional hazards regression. To obtain the number
f cancer type-related AS events, the column named ‘Splice-
eq ASEs’ was considered, while to obtain the number of AS
vents significantly associated with patient survival, the col-
mn named ‘SpliceSeq SASEs OS’ was considered from the
upplementary Table S1 in Zhang et al. ( 34 ). The ‘SpliceSeq
ASEs OS’ column contained information for all cancer types
onsidered in our study except PRAD and THCA. 

EGG pathway enrichment 

e used the KEGGREST R package to map KEGG pathways
 35 ) to exons. To do this, we annotated each exon of a gene
ith all of the gene-related KEGG pathways. Note that we

ocus on the entire KEGG pathway and not on the individual
EGG modules which, if applicable, could be part of one or
ultiple KEGG pathways. Thus, our KEGG pathway enrich-
ent analysis can only outline which pathways were enriched

nd can not pinpoint the enriched module(s) within a path-
ay. We focus only on those pathways that were associated
ith at least two exons in a given background EEIN. Given
 set of exons, we measured the enrichment of each consid-
red KEGG pathway individually using the hypergeometric
est, which measures the probability ( p -value) of getting the
ame or higher number of occurrences of a given KEGG path-
way in another set of exons (with the same number of exons as
the original set) that is randomly selected from a background
set of exons. The background set of exons was constituted
by all exons of the background EEIN that were annotated by
at least one KEGG pathway. Correction for testing multiple
pathways was performed by the Benjamini–Hochberg proce-
dure, and the p -values were adjusted to obtain the correspond-
ing q -values. We identified a pathway to be statistically signif-
icantly enriched if its q -value was less than or equal to 0.05. 

Cancer survival biomarker identification 

A given edge was considered a potential survival biomarker if
it showed stronger survival association (Section Survival anal-
ysis) on real data than on random data. Randomizations were
performed using two alternative approaches. First, we kept
the associations of survival times with patients the same as
in the real data, but randomized the association of expressed
edges to patients, while keeping the total number of patients
in which a given edge is expressed the same as in the real data.
Second, we kept the associations of expressed edges with pa-
tients the same as in the real data but randomized the asso-
ciations of survival times with patients. Survival analysis us-
ing both randomization procedures was repeated 100 times,
resulting in 100 random logrank p -values. An edge was con-
sidered to be a potential survival biomarker if (i) its actual
logrank p -value was < 0.05 and (ii) all of the random p -values
(for each of the two randomization tests) were greater than
the actual logrank p -value. 

Results and discussion 

Identification of cancer-relevant perturbed edges 

As outlined in Section Global and sample-specific EEINs at
different confidence levels, we created three global EEINs with
varying confidence levels—NETHIGH, NETMEDIUM and
NETLOW. To define global EEINs, we used three EEI defini-
tion approaches: contact-based, energy-based, and evolution-
based (Section Definitions of exon–exon interactions). While
the energy-based and evolution-based approaches potentially
consider known characteristics of PPI interfaces to detect EEIs
in co-crystallized protein complexes, the contact-based ap-
proach defines an interaction between two exons if there is
at least one residue-residue contact between them. Thus, the
contact-based approach is a relatively weaker EEI definition
approach than the other two. For this reason, instead of just
using each of three EEI definition approaches individually to
define global EEINs, we focused on the EEIs confirmed by
all three approaches to define global EEINs at three differ-
ent confidence levels as listed above. Nevertheless, to validate
the robustness of our key results, we repeated our study us-
ing a more stringent cutoff of at least five (instead of at least
one) residue-residue contact for the contact-based EEI defi-
nition ( Supplementary Section S1 ) and obtained qualitatively
similar results. The contact-based EEI definition based on at
least one residue-residue contact was used in this study. 

Given a cancer type, for each perturbed edge (i.e., EEI) we
performed survival analysis based on all corresponding can-
cer samples (Section Survival analysis). This procedure was
applied to each of the 15 cancer types individually and all
edge perturbations significantly ( p -value ≤ 0.05) correlated
with survival in at least one cancer type were considered to be
cancer-relevant. Here, we used p -values from survival analy-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
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Figure 4. Dependence of the number of edges on the choice of 
e xpression v alue threshold (results sho wn f or NETHIGH; results f or 
NETMEDIUM and NETLOW were qualitatively similar to NETHIGH and 
can be found in Supplementary Figures S2 and S3 , respectively). Results 
w ere qualitativ ely similar to an alternativ e choice of contact-based EEI 
definition and survival p-value cutoff ( Supplementary Figures S4 and S5 , 
respectively). Each point in the figure represents the mean number of 
edges per patient a v eraged o v er all patients across all 15 cancer types, 
and the vertical bars over the points represent the corresponding 
standard deviations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sis as proxy scores to identify cancer-relevant perturbed EEIs.
Hence, we did not perform a multiple testing correction as it
would not change the relative scores of the EEIs. Neverthe-
less, to validate the robustness of our key results, we repeated
survival analysis using an alternative p -value cutoff of 0.01
( Supplementary Section S2 ) and obtained qualitatively simi-
lar results. The p -value cutoff of 0.05 was used in this study. 

Note that the identification of edges involved in cancer-
relevant perturbations relies on the definition of exon ex-
pression (i.e., normalized CPM value, Section Transcriptomics
data). To define whether a gene is expressed or not, CPM
values ranging from 0.5 to 2 were used in previous stud-
ies ( 36 ,37 ). We performed survival analysis using six differ-
ent exon expression thresholds (Section Transcriptomics data)
and found that the CPM value threshold of 0.5 resulted in the
maximum number of cancer-relevant perturbed edges (CR-
PEs). As seen in Figure 4 , the number of CRPEs first increases
for the expression value thresholds in the range from 0.05 to
0.5, but then decreases with the further increase of expression
value threshold from 0.5 to 2. These results correlate with the
numbers of perturbed edges. Thus, although the numbers of
edges in the paired control and cancer samples decrease along
the CPM values of 0.05, 0.1, 0.2, 0.5, 1 and 2 (as expected), the
number of perturbed edges first increases for the expression
values from 0.05 to 0.5 and then decreases for the expression
values from 0.5 to 2 (Figure 4 ). See Supplementary Section S3
for a detailed discussion of the dependence between the num-
ber of edges and the expression value threshold. 

Because the CPM value of 0.5 resulted in the maximum
number of CRPEs, we chose it as the threshold to decide
whether an exon is expressed or not for the rest of our anal-
yses. An edge from the global EEIN was considered a CRPE
if its presence or absence was significantly associated with pa-
tient survival in any of the 15 cancer types. Note that survival
analysis was performed for each cancer type separately (Sec-
tion Survival analysis). The total of 3316, 9224 and 13 030
CRPEs were derived from NETHIGH, NETMEDIUM and
NETLOW, respectively. Note that, because we identified an
edge to be a CRPE if its expression was significantly associated
with patient survival in at least one cancer type, the collection
of CRPEs (e.g., the 3316 edges corresponding to NETHIGH)
might contain one or more edges that were not perturbed in 

one or more cancer types. Hence, for a given cancer type,
only some of the CRPEs might be relevant. In the subsequent 
sections, we present the analysis of CRPEs in individual can- 
cer types. Unless noted otherwise, all results presented in the 
main paper correspond to the CRPEs in NETHIGH, while the 
corresponding results (if applicable) for NETMEDIUM and 

NETLOW can be found in the Supplementary Materials. 

Cancer-relevant perturbed edges in individual 
cancer types 

The number of CRPEs exhibited substantial variation across 
cancer types, from ∼100 in PRAD to as many as ∼1700 in 

KIRC (Figure 5 A and Supplementary Tables S1 A–C). Many 
CRPEs were perturbed in multiple patients and the median 

number of patients in which a CRPE was perturbed var- 
ied from as high as 30 in BRCA to four in ESCA (Fig- 
ure 5 B). The number of CRPEs did not demonstrate signif- 
icant correlation with the number of edges in control and 

condition samples, the total number of perturbed edges, and 

the number of patient samples used for the survival analy- 
sis ( Supplementary Figure S6 ), suggesting the absence of any 
systematic bias. At the same time, the number of CRPEs was 
significantly correlated with the number of genes ( p -value ∼
0.03; Figure 5 C) that showed significant associations with pa- 
tient survival based on their expression levels according to the 
study of Smith and Sheltzer ( 8 ) (Section Genes significantly 
associated with patient survival). Note that in the latter study 
KIRC also stood out as the cancer type with the largest num- 
ber of gene-survival associations. KIRC was also reported to 

have the highest proportion of cancer hallmark genes signifi- 
cantly associated with overall survival by Nagy et al. ( 5 ). 

Furthermore, for each cancer type we employed the hy- 
pergeometric test (Section Genes significantly associated with 

patient survival) to evaluate whether the genes from which 

CRPEs were derived in this study show a statistically signif- 
icant overlap with the genes associated with patient survival 
according to the study of Smith and Sheltzer ( 8 ). p -values of 
such overlaps across 15 cancer types were corrected using the 
Benjamini-Hochberg procedure to obtain the corresponding 
q -values. Significant ( q -value < 0.001) overlaps were found 

for 11 out of 15 cancer types (Figure 5 D). Because CRPEs are 
survival associated EEIs located on PPI interfaces, the above 
result highlights that a significant number of PPIs correspond- 
ing to the survival associated genes are also survival associ- 
ated. Thus, exploring CRPEs can pinpoint PPIs that are sur- 
vival biomarkers or cancer drug targets. 

Cancer-relevant perturbed edges and alternative 

splicing 

We compared the number of CRPEs with the number of can- 
cer type-related AS events that showed significant associa- 
tions with patient survival reported in the study of Zhang 
et al. ( 34 ) (Section Alternative splicing events significantly as- 
sociated with patient survival). Although the number of CR- 
PEs did not correlate significantly ( p -value ∼ 0.9) with the 
total number of AS events (data not shown), it did show a 
highly significant ( p -value ∼ 0) correlation with the num- 
ber of AS events that were significantly associated with the 
overall patient survival (Figure 6 A). Because CRPEs are EEIs 
whose presence or absence is associated with patient survival 
(Section Cancer-relevant perturbed edges in individual cancer 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data


NAR Genomics and Bioinformatics , 2024, Vol. 6, No. 3 7 

Figure 5. Cancer-rele v ant perturbed edges (CRPEs). ( A ) Counts of CRPEs associated with each cancer t ype. ( B ) Percent age of patients in which CRPEs 
were perturbed, with the median number of patients indicated on top of each box. ( C ) Correlation between the number of CRPEs and the number of 
genes significantly associated with patient survival according to Smith and Sheltzer ( 8 ). ( D ) Overlap between the genes from which CRPEs were derived 
and the genes significantly associated with patient survival according to Smith and Sheltzer ( 8 ). Number of genes from which the CRPEs were derived 
are shown within brackets along the x axis and the q -value of the overlap are shown on top of the bars. Results shown are for NETHIGH; results for 
NETMEDIUM and NETLOW are qualitatively similar ( Supplementary Figures S7 and S8 ). 

Figure 6. Cancer-rele v ant perturbed edges and alternativ e splicing (AS). ( A ) Correlation betw een the number of CRPEs and the number of AS e v ents 
significantly associated with the o v erall patient survival. Data on AS events significantly associated with overall patient survival across all cancers except 
PRAD and THCA were obtained from the Supplementary Table S1 of Zhang et al. ( 34 ). ( B ) Number of CRPEs belonging to partially perturbed protein 
comple x es ( Supplementary Table S2 ). ( C ) Percentage of patients in which the CRPEs belonging to partially perturbed protein comple x es w ere f ound, 
with the median number of patients indicated on top of each box. Results shown are for NETHIGH; results for NETMEDIUM and NETLOW are 
qualitatively similar ( Supplementary Figures S9 and S10 ). 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
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Figure 7. Unique and shared CRPEs across cancer types. ( A ) Counts of 
unique CRPEs in each cancer type. ( B ) Counts of CRPEs shared between 
cancer types. Given two cancer types, p -values of the overlap between 
their CRPEs with respect to the background set of edges in a global EEIN 

(here, NETHIGH) were calculated using the hypergeometric test and 
corrected using the Benjamini-Hochberg procedure to obtain the 
corresponding q -values. q -values ≤0.05 were considered significant. 
Numbers in each cell denote the counts of o v erlapping CRPEs between 
the corresponding cancer types, while the color indicates whether the 
o v erlap w as significantly greater (red color) or smaller (green color) than 
e xpected b y chance. For e xample, in the bot tom-lef t green color cell, 32 
CRPEs were shared between 495 CRPEs of BLCA and 365 CRPEs of 
BRCA, which was significantly less than would be expected by chance. 
R esults sho wn are f or NETHIGH; results f or NE TMEDIUM and NE TLOW 

are qualitatively similar ( Supplementary Figures S11 and S12 ). 

 

types), exploring CRPEs can highlight AS events affecting pro-
tein complex formation, potentially revealing the mechanisms
underlying cancer progression. Initially, we examined pro-
tein complex interfaces that were partially perturbed, meaning
that, given an interface, some of its parts were never perturbed
in any patient, while some of its other parts were CRPEs. We
found several CRPEs that were part of partially perturbed
protein complex interfaces, with the number of such CRPEs
varying between 11 in COAD and 275 in KIRC (Figure 6 B,
Supplementary Tables S3 A–C). Many of such CRPEs were
perturbed in multiple patients, implying their significance for
the corresponding cancer type (Figure 6 C). For example, a
CRPE between exon 7 (Ensembl ID ‘ENSE00003604293’) of
PRKAB1 (UniProt ID ‘Q9Y478’) and exon 9 (Ensembl ID
‘ENSE00001454729’) of PRKAA2 (uniProt ID ‘P54646’) was
perturbed in 26 out of 59 ( ∼44%) THCA patients. PRKAB1
has seven exons and PRKAA2 has nine exons. The protein
complex between PRKAB1 and PRKAA2 has 21 EEIs, but
only one (highlighted above) was perturbed while the remain-
ing 20 EEIs were never perturbed in any of the THCA pa-
tients. These results exemplify the ability of our computational
framework to highlight AS-related perturbations of protein
complex interfaces potentially relevant for cancer prognosis. 

Shared and exclusive cancer-relevant perturbed 

edges 

We found that CRPEs do not tend to be shared between differ-
ent cancer types. Out of all 3316 CRPEs in NETHIGH, 1698
(i.e., ∼51%) were unique to a given cancer type (Figure 7 A).
The largest (718) and smallest (11) counts of unique CRPEs
were found in KIRC and PRAD, respectively. Out of 105 possi-
ble pairwise comparisons between 15 cancer types, only nine
cancer type pairs had a significantly larger overlap in terms
of the identified CRPEs than would be expected by chance,
while 23 cancer type pairs had a significantly smaller overlap
(Figure 7 B). The largest degree of overlap, with three other
cancer types, was exhibited by THCA and KIRP. The 170 CR-
PEs of THCA showed significantly more overlap with CRPEs
of BRCA, KIRP and STAD. The 452 CRPEs of KIRP showed
significantly more overlap with CRPEs of THCA, PRAD and
LIHC. BRCA showed the smallest degree of overlap with other
cancer types. Overall, these results imply that most of the CR-
PEs are cancer type specific and that different sets of biomolec-
ular processes are associated with patient survival in different
cancer types. 

Shared and exclusive metabolic pathways 

associated with cancer-relevant perturbed edges 

To investigate which metabolic pathways were captured by
CRPEs, we performed KEGG pathway enrichment analysis as
follows. Given all exons involved in CRPEs of a cancer type,
we evaluated whether any of the 285 KEGG pathways anno-
tated within NETHIGH were enriched ( q -value ≤ 0.05) using
the hypergeometric test (Section KEGG pathway enrichment).
We did this for each of the 15 cancer types separately and ob-
tained the corresponding cancer type-related enriched KEGG
pathways. Note that around 70% of the 1190 NETHIGH
proteins (Section Global and sample-specific EEINs at dif-
ferent confidence levels) show pairwise sequence identities of
> 30% ( Supplementary Figure S13 ), indicating that these pro-
teins potentially come from similar families and thus a ma-
jority of the corresponding 285 KEGG pathways could be re- 
stricted to such protein families. 

Out of all 219 KEGG pathways enriched in any cancer type,
95 (i.e., ∼43%) were unique to a given cancer type (Figure 8 A 

and Supplementary Tables S3 A-C). The largest (36) and the 
smallest (zero) numbers of the uniquely enriched pathways 
were associated with BRCA and PRAD, respectively. Interest- 
ingly, while KIRC had the largest number of unique CRPEs 
(Figure 7 A), it only had seven uniquely enriched pathways 
(Figure 8 A). This implies that the unique KIRC CRPEs are 
predominantly enriched in those pathways that are also en- 
riched in at least one other cancer type. Nevertheless, KIRC is 
uniquely enriched in the Sphingolipid signaling pathway (with 

a q -value of < 0.0003) that has been related to KIRC progres- 
sion ( 38 ,39 ) ( Supplementary Figure S16 ). Out of 105 possible 
pairs between the 15 cancer types, 16 pairs shared more en- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
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Figure 8. Unique and shared significantly enriched KEGG pathw a y s 
across cancer types. ( A ) Number of uniquely enriched KEGG pathw a y s in 
each cancer type. ( B ) Numbers of enriched KEGG pathw a y s shared 
between cancer types. Given two cancer types, q -values of the overlap 
between their enriched KEGG pathways with respect to the total number 
of annotated KEGG pathw a y s in a global EEIN (here, 285 KEGG pathw a y s 
in NETHIGH) were computed, as for the overlapping CRPEs in Figure 7 . 
Numbers in each cell denote the number of o v erlapping enriched KEGG 

pathw a y s, while the color indicates whether the o v erlap w as significantly 
higher (red color) than expected by chance. Results shown are for 
NETHIGH; results for NETMEDIUM and NETLOW are shown in 
Supplementary Figures S14 and S15 . 
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Figure 9. Distribution of cancer-rele v ant perturbed edge categories 
across cancer types. Results shown are for NETHIGH; results for 
NETMEDIUM and NETLOW are qualitatively similar 
( Supplementary Figures S17 and S18 ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

iched KEGG pathways than would be expected by chance.
n particular, the 68 enriched pathways of STAD, as well as
he 29 enriched pathways of LUSC, significantly overlapped
ith four other cancer types, while the 78 enriched pathways

n BRCA showed no significant overlap with any other can-
er type. Overall, these results imply that CRPEs in individual
ancer types potentially cover different biological pathways. 

ancer-relevant perturbed edges resulting from 

ifferent types of edge gain and loss events 

e investigated the patterns of gain or loss events in cancer
ype-related CRPEs (Section Patient- and cancer type-related
ategories of exon–exon interactions). The proportion of CR-
Es associated with different types of gain and loss events was
imilar across cancer types (Figure 9 ), with CRPEs gained in
ome patients and lost in other patients (‘Gained or lost’ cat-
gory) being the most abundant category in all cancer types
except LIHC. The next most abundant groups of CRPEs were
associated with the ‘Strictly gained’ and ‘Strictly lost’ events,
while ‘Patient-specific gained’ and ‘Patient-specific lost’ CR-
PEs were the least abundant. These results are expected given
the heterogeneity of cancers, with only a few genomic features
expected to be shared between patients of the same cancer
type ( 40–42 ). Across different cancer types, the percentage of
CRPEs associated with each type of gain and loss events var-
ied greatly. For example, the representation of the ‘Gained or
lost’ category was lowest ( ∼40%) in LIHC and highest ∼85%
in THCA, while the ‘Strictly gained’ and ‘Strictly lost’ cate-
gories together were in the range between ∼13% in THCA
and ∼55% in LIHC. Similarly, the percentage of CRPEs in the
‘Patient-specific gained’ and ‘Patient-specific lost’ categories
together was lowest in KICH (0%) and highest ( ∼22%) in
ESCA. Overall, these results imply the differences in the ex-
tent of heterogeneity among cancer types in terms of CRPEs. 

Cancer relevant perturbed edges as potential 
survi val biomark er s 

To investigate whether CRPEs can potentially be used as
survival biomarkers, we evaluated whether CRPEs had the
same statistical power ( p -value) to be associated with patient
survival using randomized patient survival data as with the
real patient survival data (Section Cancer survival biomarker
identification). Out of all 3316 CRPEs from NETHIGH, we
found 274 ( ∼8%) potential cancer survival biomarker CR-
PEs (BioCRPEs) ( Supplementary Table S4 ). There was a large
variation in BioCRPE occurrence across cancer types, with no
BioCRPEs associated with KICH and the highest number of
BioCRPEs (70) associated with KIRC (Figure 10 A). Similar re-
sults were found by recent studies based on mRNA and pro-
tein expression data ( 3 ,6 ), where significantly more mRNAs
and proteins were identified as potential survival biomarkers
in KIRC than in other cancer types. The number of BioCR-
PEs associated with higher (favorable) and lower (unfavor-
able) survival rates of patients varied across cancer types, with
BRCA, CO AD , ESCA, KIR C, and ST AD having a higher num-
ber of favorable than unfavorable BioCRPEs, while for the
rest of the cancer types we found the opposite trend (Fig-
ure 10 A). 

We did not find significant overlaps between cancer types
in terms of BioCRPEs (Figure 10 B). Out of all 105 possible
pairwise overlaps between BioCRPEs of the 15 cancer types,
only nine were non-zero and none of them were significant,
with the greatest number (three) of BioCRPEs shared between
KIRC and KIRP. These results imply the different cancer types

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
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Figure 10. BioCRPEs across cancer types. ( A ) Number of BioCRPEs in each cancer type. ( B ) Pairwise o v erlaps betw een cancer types in terms of 
BioCRPEs. Given two cancer types, q -values of the overlap between their BioCRPEs were computed as for the overlaps between CRPEs in Figure 7 . 
R esults sho wn are f or NETHIGH; results f or NE TMEDIUM and NE TLOW are qualit atively similar ( Supplement ary Figures S19 and S20 ). R esults w ere 
qualitatively similar to an alternative choice of contact-based EEI definition and survival p-value cutoff ( Supplementary Figures S21 and S22 , 
respectively). ( C ) Kaplan–Meier curve for a KIRC BioCRPE with the lowest log-rank p -value (displayed in the top-right area). Ensembl IDs of the 
participating e x ons are sho wn abo v e the figure. ( D ) Kaplan–Meier curv e f or a KIRP BioCRPE with the lo w est log-rank p -v alue. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Number of no v el BioCRPEs. For each cancer type, given the 
number of BioCRPEs (written on top of the corresponding bar), the 
percentage of known or novel BioCRPEs are outlined in different shades 
of orange. 

 

have almost a unique set of BioCRPEs. Interestingly, the most
significantly associated unfavorable BioCRPE in both KIRC
and KIRP was the same (Figure 10 C-D), i.e., the interaction
between exons with Ensembl IDs ‘ENSE00003639776’ and
‘ENSE00001173251’ that come from genes CCNB1 (UniProt
ID ‘P14635’) and CDK1 (UniProt ID ‘P06493’), respectively.
Additionally, this BioCRPE was absent from any other cancer
type, implying that it is specific for the KIRC and KIRP groups
of cancer types. Expression of CDK1 and CCNB1 genes has
been shown to be correlated in cancer and higher expression
of each of these genes has been reported to be a prognostic
biomarker for KIRC and KIRP progression ( 43 ,44 ). Our find-
ings thus agree with the existing knowledge and hence our
study has potential to unravel novel cancer survival biomark-
ers. 

Novel cancer biomark er s deri ved from perturbed 

edges 

We investigated whether the identified BioCRPEs overlap
with known cancer survival biomarkers. To do this, given a
BioCRPE, we evaluated whether any of its two participating
genes were significantly associated with survival according to
the study of Smith and Sheltzer ( 8 ) (Section Genes significantly
associated with patient survival). We found that for many
BioCRPEs, either one or both participating genes were associ- 
ated with survival (Figure 11 and Supplementary Table S4 ).
For example, out of the 41 BioCRPEs in BRCA, for 13 

( ∼32%) BioCRPEs at least one of the participating genes 
was a known survival biomarker, while for the rest of the 28 

( ∼68%) BioCRPEs none of the involved genes were known 

survival biomarkers. Thus, our study captures not only known 

but also novel survival biomarkers. In the following para- 
graph, as an example of how our findings can be further an- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae133#supplementary-data
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Figure 12. An example of two novel BioCRPEs related to BRCA. ( A ) Kaplan–Meier curves corresponding to the two BioCRPEs. ( B ) The left portion of the 
figure shows the 3D str uct ure of the part of the GINS complex containing subunits 2 (Q9Y248) and 4 (Q9BRT9). The protein Q9Y248 is shown in blue 
color with the associated e x on ‘ENSE0 0 0 01 3031 50’ participating in the tw o BioCRPEs in cy an color. T he protein Q9BR T9 is sho wn in gra y color with the 
e x ons ‘ENSE0 0 0 03554215’ and ‘ENSE0 0 0 03585396’ participating in the t w o BioCRPEs in y ello w and pink colors, respectiv ely. T he right portion of the 
figure highlights inter-protein interactions (within 4Å, shown as yellow dashed lines) between the exons participating in the two BioCRPEs. 
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lyzed to gain novel insights into the importance of protein
omplexes in cancer, we present a specific example of two
ovel BioCRPEs related to BRCA. 
We found two BioCRPEs that form an interface be-

ween subunits 2 (UniProt ID ‘Q9Y248’) and 4 (UniProt
D ‘Q9BRT9’) of the go-ichi-ni-san (GINS) protein com-
lex. One BioCRPE is between exons with Ensembl IDs

ENSE00003585396’ and ‘ENSE00001303150’ from pro-
eins Q9BRT9 and Q9Y248, respectively. The other BioCRPE
s between exons with Ensembl IDs ‘ENSE00003554215’ and
ENSE00001303150’ from proteins Q9BRT9 and Q9Y248,
espectively. The GINS complex has four protein subunits and
elps in initiation and progression of DNA replication ( 45 ).
igher expression of the GINS subunit 2 has been related

o poor prognosis in breast cancer patients ( 46 ), which is in
ine with our findings (Figure 12 A). Looking closely into the
rotein–protein interaction interfaces between the subunits of
he GINS complex (PDB ID: 2E9X), we found that the in-
erface between subunits 2 and 4 is stabilized by eight salt
ridges and 20 hydrogen bonds (interface information taken
rom the PISA server using PDB ID 2E9X). Interestingly, parts
f this interface overlap with the exons involved in the above
wo BioCRPEs, capturing the majority (five out of eight) salt
ridges and some (four out of 20) hydrogen bonds of the in-
erface (Figure 12 B). This may imply that the interactions be-
ween the exons captured by the above two BioCRPEs are
mportant for the stability of the corresponding interface in
he GINS complex. 

onclusion 

n this study, transcriptomics data were integrated with
tructurally resolved protein complexes to identify perturbed
xon–exon interactions (EEIs) and to investigate their prog-
ostic value for patient survival across 15 different cancer
ypes. Because most alternative splicing (AS) events add or
emove exons to produce alternative protein isoforms, EEIs
ndirectly capture the effect of AS on protein–protein interac-
ion (PPI) interfaces. The number of cancer-relevant perturbed
EIs significantly correlates with the previously reported num-
er of prognostic AS events. Because EEIs were derived from
PPI interfaces, further exploration of such perturbed EEIs can
identify prognostic AS events that are likely to affect PPIs. This
information could be helpful in guiding the development of
anti-cancer drugs that target specific PPIs affected by prog-
nostic AS events. 

Furthermore, we found many cancer-relevant perturbed
EEIs that are uniquely present in individual cancer types and
capture different molecular processes in different cancer types.
Further exploration of cancer type-related perturbed EEIs
could potentially shed light on the molecular mechanisms
driving cancer progression. We identified many novel prog-
nostic EEIs involving interacting proteins for which no as-
sociation with patient survival has been previously reported.
These proteins constitute valuable candidates for experimen-
tal validation to further elucidate their functional roles in can-
cer. Note that AS-related molecular changes have been found
to be similar in tumors and their corresponding microenviron-
ments ( 47 ,48 ). Because EEI perturbations in this study were
captured by comparing tumor samples with the paired healthy
samples, the proximity of healthy samples with the tumor mi-
croenvironment could negatively affect the extent of the ob-
served EEI perturbations. Future work in this direction could
uncover valuable insights. 

Modeling interactions between exons as a network pro-
vides a framework where one can directly map the exon
expressions to study AS-related PPI perturbations. As the
number of structurally resolved (or accurately modeled) pro-
tein complexes grows, the coverage of EEI networks is
poised to increase, further improving the usefulness of our
computational framework for exploring the impact of AS-
related PPI network perturbations on clinical outcomes in
cancer. 

Data availability 

RNA-seq data were downloaded from the The Cancer
Genome Atlas. Three-dimensional protein structural data
were downloaded from the Protein Data Bank. Data to repro-
duce results are available at: https:// doi.org/ 10.5281/ zenodo.
12917451 . Code to reproduce results are available at: https:
// doi.org/ 10.5281/ zenodo.13753020 . 
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Supplementary data 

Supplementary Data are available at NARGAB Online. 
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