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Abstract 
Motivation: Alternative splicing (AS) effects on cellular functions can be captured by studying changes in the underlying 
protein-protein interactions (PPIs). Because AS results in the gain or loss of exons, existing methods for predicting AS-related 
PPI changes utilize known inter-protein exon-exon interactions (EEIs), which cover <0.5% of known human PPIs. Hence, there 
is a need to extend the limited EEI knowledge to advance the functional understanding of AS. Here, we explore whether exist
ing 3-dimensional (3D) protein structure-based computational PPI interface prediction (PPIIP) methods, originally designed to 
predict inter-protein residue-residue interactions (RRIs), can be utilized to predict EEIs.

Results: We evaluate the PPIIP methods for the RRI- and EEI-prediction tasks using all known experimentally determined 
3D structures of human protein heterodimers from the Protein Data Bank available at the time of data collection. From 
these heterodimers, we determined � 230 000 RRIs and � 20 400 EEIs as ground truth. We provide the first evidence of the 
adaptability of existing PPIIP methods to predict EEIs, with a performance score of up to � 76% based on the area under 
the receiver operating characteristic curve. Insights, data, and computational pipelines from our study can guide future 
developments of computational methods for solving the task of predicting EEIs.

Availability and implementation: Data and source code are available at https://github.com/lieboldj/EEIpred.

1 Introduction
1.1 Background and motivation
Proteins physically interact with each other through protein- 
protein interactions (PPIs) to perform cellular functions. PPIs 
change with varying cellular conditions induced via several biologi
cal phenomena, such as alternative splicing (AS) (Yang et al. 2016). 
AS produces multiple protein isoforms by joining the protein- 
coding regions (i.e. exons) of a gene in different combinations 
(Wright et al. 2022). Abnormal protein isoforms have been shown 
to adversely affect human health (Climente-Gonz�alez et al. 2017, 
Zhang et al. 2021, Nikom and Zheng 2023), and thus studying AS- 
related PPI changes could reveal the molecular mechanisms of 
such effects. By the term “AS-related PPI change” we mean any 
two genes forming a PPI based on one of their protein forms, but 

not forming a PPI when alternate protein isoforms are present for 
one or both genes. For example, a protein form of the gene BAD is 
involved in a PPI with the longer protein isoform (Bcl-xL), but not 
with the shorter protein isoform (Bcl-xS), of the gene BCL2L1 (Yang 
et al. 2016). Similarly, much other experimental evidence also 
exists (Goode et al. 2000, Panda et al. 2003, Levy et al. 2005, Chung 
et al. 2015, Yang et al. 2016).

Using wet lab experiments to study PPI changes is expensive 
and time-consuming (Shoemaker and Panchenko 2007). Hence, 
computational methods to study AS-related PPI changes were 
developed (Ghadie et al. 2017, Narykov et al. 2021, Louadi et al. 
2021). These methods rely on existing knowledge about protein 
domain-domain interactions (DDIs) as follows: they first inte
grate existing knowledge about DDIs to create a global DDI- 
resolved PPI network (i.e. a PPI network with information about 
which domains of the two proteins interact) and then use the 

Received: 8 October 2025. Revised: 28 December 2025. Accepted: 16 January 2026 
© The Author(s) 2026. Published by Oxford University Press.  This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/ 
licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited. 

Bioinformatics Advances, 2026, 6(1), vbag032 
https://doi.org/10.1093/bioadv/vbag032 
Published: 27 January 2026 

Original Article | Structural bioinformatics 

https://orcid.org/0009-0002-0797-1806
https://orcid.org/0000-0003-3985-628X
https://orcid.org/0000-0002-5483-9616
https://orcid.org/0000-0002-7592-2080
https://orcid.org/0000-0001-5783-0054
https://orcid.org/0000-0002-0282-0462
https://orcid.org/0000-0002-1192-8360
https://github.com/lieboldj/EEIpred


global DDI-resolved PPI network to predict whether a PPI disap
pears if any of the two participating proteins lose the PPI- 
specific domain(s) due to AS (Ghadie et al. 2017). One such 
method is DIGGER (Louadi et al. 2021) which not only created a 
DDI-resolved PPI network but also delved deep into characteriz
ing an exon-level view of PPIs, based on the following assump
tion: Because many AS events remove or add exons to form 
protein isoforms, looking at inter-protein exon-exon interactions 
(EEIs) may allow to explore AS-related PPI changes. DIGGER’s 
exon-level view of PPIs has been subsequently used to predict 
AS-related PPI changes and gain the underlying mechanistic un
derstanding (Louadi et al. 2021, Gjerga et al. 2023).

Existing AS-related PPI prediction methods rely on EEI knowl
edge, which, although highly reliable, covers <0.5% of all known 
human PPIs (Berman et al. 2000, Oughtred et al. 2021). To fully 
capture the PPI network-based functional effects of AS, there is 
a need to extend the current limited knowledge of EEIs to all 
known human PPIs.

One way to do this is to predict novel EEIs using existing PPI 
interface prediction (PPIIP) methods (Esmaielbeiki et al. 2015), 
which can be grouped into two categories. The first category 
takes a single protein as input and predicts all possible PPI inter
faces of the protein (Zeng et al. 2020, Sun and Frishman 2021, 
Tang et al. 2021, Yuan et al. 2021). It is not straight-forward to 
apply the methods from this category for the EEI prediction 
task. This is because even if one could modify such methods to 
predict PPI interfacing exons of a protein, these methods pro
vide no knowledge about the exons of the protein’s PPI partners 
the predicted interfacing exons interact with. The second cate
gory of PPIIP methods, more directly applicable for EEI predic
tions, takes two proteins of a PPI (but lacking the corresponding 
interface information) as input and predicts which parts of the 
two proteins form the interface (Xue et al. 2015). Henceforth, 
whenever we use the term “PPIIP method,” we mean the PPIIP 
method from the second category. Typically, a PPIIP method 
uses ground truth knowledge about interacting (or non- 
interacting) residue pairs of PPI interfaces and protein features 
of residues to train a supervised machine learning model. Given 
any two test proteins p1 and p2 that are known to form a PPI but 
for which we lack the corresponding interface knowledge, the 
trained model predicts the likelihood of any two residues, r1 

from protein p1 and r2 from protein p2, to interact, i.e. to form a 
residue-residue interaction (RRI) (Xue et al. 2015).

Because proteins interact in their 3D structural forms, utilizing 
3D protein structures, in comparison to protein sequences, can 
more accurately predict the PPI interface regions. Motivated by 
this, several deep learning-based PPIIP methods have been devel
oped that utilize 3D structures of proteins to predict RRIs (Dai and 
Bailey-Kellogg 2021, Sverrisson et al. 2021, Guo et al. 2022, Xie and 
Xu 2022, Lin et al. 2023a, 2023b, 2023c, Yuan et al. 2023, Rao et al. 
2024, Si and Yan 2024). Note that rather than using the above PPIIP 
methods to predict EEIs, one could use docking (Meng et al. 2011), 
which aims to find an optimal spatial arrangement of any two 3D 
structures of proteins based on some predefined optimization cri
teria, e.g. minimizing the average distance of every residue pair be
tween the two proteins. However, docking has high computational 
costs, taking a few minutes to several hours or even days to pro
cess one protein pair (Meng et al. 2011, Bender et al. 2021). Given 
� 1 000 000 known human PPIs in BioGRID (Stark et al. 2006), using 

docking to predict EEIs over the entire known human PPIs would 
need at least � 2 years if one protein pair per minute is processed. 
Similar to docking, the latest developments in protein complex 
predictions, such as AlphaFold (AF)-multimer (Evans et al. 2021) or 
the Kiharalab method from the 16th Critical Assessment of 
Structure Prediction (Kagaya et al. 2026), which take protein 
sequences as input and predict the 3D structure of the correspond
ing protein complex, typically take more than an hour to process 
one protein pair (Bryant et al. 2022) (Section 3.8). In contrast, the 
existing 3D structure-based PPIIP methods (mentioned above) 
have been specifically designed to predict PPI interfaces and are 
typically much faster, with an average runtime of only a few sec
onds to predict interfacing residues of a protein pair (Dai and 
Bailey-Kellogg 2021, Sverrisson et al. 2021, Yuan et al. 2023). 
However, it has not been evaluated whether, or how well, such 
existing PPIIP methods can be used for the EEI prediction task.

1.2 Our contributions
In this study, we focus on predicting novel EEIs within known PPIs. 
Such novel EEI knowledge could then be used by existing compu
tational tools, e.g. DIGGER or NEASE, that rely on EEIs to capture 
the effect of AS on PPI perturbations. To predict novel EEIs, we 
consider 10 PPIIP methods that were published between the years 
2021 and 2024, as per our literature search in Google Scholar. Of 
the 10 PPIIP methods, we could only consider those that (i) are 
open-source allowing to train a model using new data and that (ii) 
run in a reasonable time (see Section 2.2 for details). Four PPIIP 
methods fulfill these two requirements: Differentiable Molecular 
Surface Interaction Fingerprinting (dMaSIF) (Sverrisson et al. 2021), 
Protein Interface Network (PInet) (Dai and Bailey-Kellogg 2021), 
Graph Learning of Inter-protein contacts (GLINTER) (Xie and Xu 
2022), and a Protein Masked AutoEncoder (ProteinMAE) (Yuan et al. 
2023). We evaluate the four methods in the RRI and EEI prediction 
tasks (Fig. 1). To do this, we use all reviewed UniProt human pro
teins available at the time of data collection which map to �
13 000 high-confidence co-resolved 3D structures of heterodimeric 
protein pairs from the Protein Data Bank (PDB) (Berman et al. 
2000). Because there is no ground truth EEI data available, we cre
ate such data using three existing methods that detect PPI interfa
ces from co-resolved proteins (Newaz et al. 2024), resulting in three 
datasets with a total of � 20 400 EEIs encompassing � 230 000 
RRIs (Section 2.1).

Given the considered four PPIIP methods and the three data
sets, we first evaluate the methods on the RRI prediction task. 
We do this because the four methods have never been com
pared to each other for RRI prediction. This allows us to bench
mark their performance within their designated scope. 
Additionally, this helps us to better interpret their performance 
on the proposed EEI prediction task, which we perform next. For 
a robust performance evaluation, given a dataset, we divide it 
into five subsets of protein pairs such that there is <30% se
quence identity for any two proteins across subsets. Given a 
subset, we use it as an independent test data, while we divide 
the remaining four subsets as training (three subsets) and vali
dation (one subset) data (Sections 2.1 and 2.4). We evaluate the 
performance of each method based on the area under the re
ceiver operating characteristic (AU-ROC) curve, the area under 
the precision-recall curve (AU-PRC), as well as Matthew’s 
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correlation coefficient (MCC), precision, recall, and F-score for a 
certain false discovery rate (FDR).

For both RRI and EEI prediction tasks, while the results vary 
with the choice of the dataset, each method performs signifi
cantly better than random with AU-ROC values of the best 
method(s) reaching up to � 89% and � 76% for the RRI and EEI 
prediction tasks, respectively. In particular, for the EEI predic
tion task, the MCC, F-score, precision, and recall reach up to 
� 31%, � 50%, � 96%, and � 38%, respectively, with an FDR 
≤ 5%. To demonstrate the applicability of our approach, we first 
show that prediction performance is nearly identical when using 
either experimental (PDB) or predicted (AF) structures. 
Accordingly, we apply the best performing EEI prediction model 
to predict novel EEIs for a curated set of 261 high-confidence hu
man PPIs for which no EEIs are known. We predict (with 0%

FDR) 436 novel EEIs covering 111 PPIs. These novel EEIs could 
be candidates for future experimental validation. Our study pro
vides, for the first time, insights, data, and computational pipe
lines for the EEI prediction task. These can guide future 
developments of 3D protein structure-based computational 
methods for the EEI prediction task.

2 Data and methods
2.1 Dataset curation
We consider all 2349 PDB entries (downloaded in January 2022) 
which (i) contain at least one pair of co-resolved proteins (deter
mined either by X-ray crystallography or electron microscopy, or 

by nuclear magnetic resonance) among all 20 378 reviewed hu
man proteins from UniProt (Uniprot Consortium 2019) (down
loaded in January 2022) and (ii) have sufficient 3D structural 
resolution if the structure was detected by X-ray crystallography 
or electron microscopy ( ≤ 3 Å). The above steps result in 13 967 
unique co-resolved protein pairs among 2882 unique proteins. 
We map exon information onto each of the 2882 UniProt protein 
sequences using the Ensembl database (Martin et al. 2023), 
as follows.

We use the BiomaRt package (Durinck et al. 2005) to map 
UniProt IDs to the Ensembl transcripts. Because Ensembl has in
formation for more than one transcript per gene, there is no 
one-to-one mapping between a UniProt protein sequence and 
the Ensembl transcripts. To select a unique transcript per pro
tein, we retain the Ensembl transcript that aligns entirely (i.e. 
with no gaps and no mismatches) with the given protein se
quence based on the Needleman-Wunsch pairwise global se
quence alignment. If we do not find any such transcript for any 
protein, we exclude the protein from our study. For every pro
tein with a mapped transcript, we map their amino acid se
quence positions onto their 3D resolved structures from PDB 
using the Structure integration with function, taxonomy, and se
quence (SIFTS) database (Velankar et al. 2013, Dana et al. 2019). 
After successful mapping of data across different databases, 
2064 PDB entries (4022 PDB chains) constituting 13 190 unique 
co-resolved protein pairs among 2649 proteins remain (Fig. 2
and Sections 1.1.1–1.1.3, available as supplementary data at 
Bioinformatics Advances online).

Given a pair of co-resolved proteins p1 and p2, using estab
lished criteria (Faisal et al. 2017, Newaz et al. 2020, 2022, Xie and 

Figure 1 The computational pipeline of our study. Panel (a) names of the 10 PPIIP methods (Dai and Bailey-Kellogg 2021, Sverrisson et al. 2021, 
Xie and Xu 2022, Guo et al. 2022, Lin et al. 2023a, 2023b, 2023c, Yuan et al. 2023, Si and Yan 2024, Rao et al. 2024) (top row) that we consider, along 
with the two requirements used for their further consideration (leftmost column). A tick mark within a cell denotes that the method fulfills the 
corresponding requirement. Panel (b) given the 3D structures of two proteins (represented as closed loops) with exon annotations (highlighted in 
different shades within a protein) as input, we first apply a PPIIP method (either dMaSIF, PInet, GLINTER, or ProteinMAE) to obtain RRI scores 
(“Intermediate output”). Given the RRI scores, we then obtain the EEI scores (“Final output”) using two post-processing approaches, i.e. PPMax (post- 
processing by taking the maximum of RRI scores of an exon pair) and PPDL (post-processing by learning patterns of RRI scores of exon pairs via deep 
learning). See Section 2 for details.
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Xu 2022), we define an RRI between residues r1 from p1 and r2 

from p2, if and only if the 3D Euclidean distance between any of 
the heavy atoms (i.e. carbon, nitrogen, oxygen, and sulphur) of 
r1 is within 6 Å to any of the heavy atoms of r2.

For each pair of exons e1 from p1 and e2 from p2, we define 
two exons to form an EEI using three approaches based on 
Euclidean distance between residues, thermodynamic stability 
of the interface, and evolutionary conservation of the interface, 
leading to three datasets. First, to form our contact-based data
set, we define an EEI between two exons e1 and e2 if and only if 
at least one residue of e1 forms an RRI (as defined above with a 
distance cut off of 6 Å) with at least one residue of e2. Second, to 
form our energy-based dataset, we use a thermodynamics- 
based method called Protein Interfaces, Surfaces, and 
Assemblies (PISA) (Krissinel and Henrick 2007) to identify biolog
ically relevant interfaces. PISA first computes a solvation free en
ergy gain of an interface, which quantifies the thermodynamic 
changes that occur due to the interface formation. Then it com
putes the probability of observing the same solvation free en
ergy gain by chance when a random set of atoms (with the same 
area as that of the interface) is picked from the non-interfacing 
surfaces of the two proteins. PISA labels an interface as biologi
cally relevant if the corresponding probability is <.5. We define 
an EEI between e1 and e2 if and only if they overlap with the 
identified interfaces. Third, to form our evolutionary-based data
set, we use an evolution-based method called Evolutionary 
Protein-Protein Interface Classifier (EPPIC) (Bliven et al. 2018) to 
identify biologically relevant interfaces. EPPIC characterizes an 
interface as biologically relevant if the interface surface area is 
more than 2200 Å2, while it characterizes an interface to be an 
artifact of crystallization if the interface surface area is <400 Å2. 
For interface surface areas between 400 Å2 and 2 200 Å2, EPPIC 
uses information about the evolutionary conservation of the 

corresponding protein sequences to characterize whether the 
interface is biologically relevant or not. For our study, we run 
EPPIC using default parameters. We define an EEI between e1 

and e2 if and only if they overlap with the identified interfaces.
For each of the three datasets, we only consider those PDB 

entries that (i) contain at least one interacting exon pair and (ii) 
could be pre-processed by each of the four considered PPIIP 
methods (Section 2.2). To avoid sequence leakage across train
ing and test sets, for each dataset, we cluster PDB chains at 
<30% identity using MMSeqs2 (Steinegger and S€oding 2017), 
resulting in 892, 728, and 420 non-redundant clusters of PDB 
chains (i.e. protein sequences) for the contact-based (DCon), 
energy-based (DEngy), and evolutionary-based (DEvol) datasets, 
respectively (Section 1.1.5, available as supplementary data at 
Bioinformatics Advances online).

2.2 PPI interface prediction methods
Among the 10 considered PPIIP methods (Table 1, available as 
supplementary data at Bioinformatics Advances online), we 
could only use four, i.e. dMaSIF, GLINTER, PInet, and 
ProteinMAE, that provide open-source program code to train a 
model and have reasonable runtime (Section 1.2, available as 
supplementary data at Bioinformatics Advances online). The four 
methods use different pre-processing of input proteins, initial 
protein features, and deep learning architectures. In terms of 
pre-processing of proteins, while dMaSIF, PInet, and ProteinMAE 
model 3D structures of proteins as point clouds albeit using dif
ferent approaches, GLINTER relies on protein contact maps. In 
terms of initial protein features, while dMaSIF, PInet, and 
ProteinMAE rely on the geometric and physicochemical features 
of proteins, GLINTER additionally includes evolutionary informa
tion relying on sequence homology. In terms of the deep 

Figure 2 Overview of our data generation pipeline. We use all available reliable PDB entries to create three datasets based on three EEI detection 
approaches, i.e. contact-based, energy-based, and evolution-based. Then, we apply MMSeqs2 on each of the three datasets to derive the 
corresponding sets of sequence non-redundant clusters of PDB chains, i.e. DCon, DEngy, and DEvol (see Section 1.1, available as supplementary data at 
Bioinformatics Advances online, for details).
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learning architecture, while dMaSIF, PInet, and ProteinMAE use 
geometric deep learning with differences in their underlying 
architectures, GLINTER uses graph-based learning and 
attention-based models. We use each of the four methods to 
predict RRI scores for each pair (r1, r2) of residues between two 
input proteins p1 and p2, where r1 is from p1 and r2 is from p2, as 
follows: dMaSIF and ProteinMAE output interaction scores of 
atom pairs across the two proteins. Here, we compute an RRI 
score as the maximum of all atom pair scores of two residues. 
PInet outputs the probability of a residue to be part of an inter
face. Here, we compute an RRI score as the product of the indi
vidual probability scores of two residues. GLINTER directly 
outputs a likelihood of a residue pair to interact, which we use 
as the corresponding RRI score. A higher RRI score indicates a 
higher likelihood of interaction between the corresponding resi
due pair. See Sections 1.2.1–1.2.4, available as supplementary 
data at Bioinformatics Advances online, for details.

2.3 Post-processing approaches for 
EEI prediction
Given two proteins p1 and p2 the corresponding RRI predictions 
from a PPIIP method, we propose two post-processing approaches 
to predict the EEI scores between any two exons e1 from p1 and e2 

from p2. The first post-processing approach (referred to as post- 
processing via the maximum RRI score or PPMax for short) calcu
lates the score for an exon pair (e1,e2) as the maximum predicted 
RRI score among all residue pairs (r1,r2), where r1 is a residue in 
exon e1 and r2 is a residue in exon e2. The second post-processing 
approach (referred to as post-processing via deep learning or PPDL 
for short) is based on a convolutional neural network (CNN) 
(Schmidhuber 2015) where, given a set of interacting and non- 
interacting exon pairs, it first trains a model to learn distinguishing 
patterns of the predicted RRI scores for interacting versus non- 
interacting exons. Then, given two test exon pairs, it predicts 
the corresponding EEI score (see Section 1.3, available as 
supplementary data at Bioinformatics Advances online, for more 
details on PPDL and Fig. 1, available as supplementary data at 
Bioinformatics Advances online, for our PPDL architecture).

2.4 Model training and evaluation
For each of the three sequence non-redundant PDB chain clus
ters, i.e. DCon, DEngy, and DEvol, we aim to train and test a machine 
learning model similar to five-fold cross-validation. To do this, 
for each of DCon, DEngy, and DEvol, we first split the corresponding 
clusters into five non-overlapping subsets (or folds) using a 
round-robin forward-backward assignment, in order to keep 
the number of PDB chains across the five subsets as similar 
as possible (Section 1.4, available as supplementary data at 
Bioinformatics Advances online). We use each subset as an inde
pendent test set (henceforth, referred to simply as “test set” for 
brevity) and the remaining four subsets for validation (one 
subset) and training (three subsets). This yields 60 RRI models 
(3 datasets × 4 PPIIP methods × 5 folds) and 120 EEI models 
(3 datasets × 4 PPIIP methods × 5 folds × 2 post-processing methods). 
Note that our EEI prediction models predict interaction scores 
between pairs of exons across proteins, while the RRI prediction 
models predict interaction scores between pairs of residues 

across proteins. For both categories of models, no explicit 3D 
structures of the corresponding protein complexes are pre
dicted. We evaluate each model using six performance meas
ures: AU-ROC, AU-PRC, MCC, precision, recall, and F-score. For 
threshold-dependent measures (i.e. MCC, precision, recall, and 
F-score), we set decision thresholds by controlling FDRs at 
≤ 1%, 2%, 3%, 4%, and 5% on non-interactions in the training 
data (Section 1.5 and Fig. 2, available as supplementary data at 
Bioinformatics Advances online).

3 Results and discussion
We evaluate four state-of-the-art 3D structure-based PPIIP 
methods, i.e. dMaSIF, PInet, GLINTER, and ProteinMAE, on how 
well the methods can predict the PPI interface at the exon-level 
(i.e. EEIs) between two proteins. Because we generate the 
ground truth EEI datasets for the first time, to have more 
insights, we analyze their overlaps and structural characteristics 
(Section 3.1). The considered PPIIP methods were, to the best of 
our knowledge, never compared to each other on their original 
task of predicting the PPI interface at the residue-level (i.e. 
RRIs). Hence, we compare them on the RRI prediction task 
(Section 3.2). To adapt the PPIIP methods for the EEI prediction 
task, we propose two post-processing approaches, which we 
compare against each other to select the best one for further 
analyses (Section 3.3). Using the best post-processing approach, 
we use the PPIIP methods to evaluate how well they can predict 
EEIs (Section 3.4). Then, we compare the PPIIP methods on how 
well they predict PPI interfaces across two different levels, i.e. 
residue-level versus exon-level (Section 3.5). To assess the appli
cability to predicted structures, we compare the performance 
on experimental versus predicted protein structures (Section 
3.6). Next, we apply the best performing PPIIP method to known 
PPIs lacking EEI annotations to generate a list of predicted EEIs 
and discuss two concrete examples (Section 3.7). Finally, we 
evaluate the runtime of the PPIIP methods (Section 3.8).

3.1 Dataset overview and structural 
characteristics
For each of DCon, DEngy, and DEvol, we define the set of protein 
pairs as the union across the five test sets (Section 2.4). We then 
quantify overlaps at the protein and exon-pair levels and com
pare interacting and non-interacting exon pairs by secondary 
structure and intrinsically disordered region (IDR) content 
across datasets (Section 1.6, available as supplementary data at 
Bioinformatics Advances online). The datasets show marginal 
overlaps, with DCon having the most protein pairs and DEngy hav
ing the most exon pairs (Table 1). For each dataset, we find sig
nificant (q-value <.05) differences between interacting and non- 
interacting exon pairs for at least one secondary structural label 
(either α-helix, β-sheet, or coil-turn). Regarding IDR content, we 
find significant differences for DCon and DEngy (but not for DEvol), 
with interacting exon pairs having more IDR content than non- 
interacting exon pairs. For detailed results, see Section 1.7.1 and 
Figs. 3–6, available as supplementary data at Bioinformatics 
Advances online. These differences could also percolate into the 
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performance differences of a PPIIP method across DCon, DEngy, 
and DEvol.

3.2 Evaluation of the PPIIP methods on 
the RRI prediction task
For each of DEvol, DEngy, and DCon, every PPIIP method performs 
better than random, achieving AU-ROC values (averaged over 
the five test sets of a dataset) ranging from 0.59 to 0.84 (Fig. 3a
and Table 2, available as supplementary data at Bioinformatics 
Advances online). dMaSIF consistently performs best, with AU- 
ROC values ranging (across datasets) from 0.81 to 0.84. The per
formance of GLINTER follows dMaSIF, with AU-ROC values rang
ing from 0.72 to 0.79. PInet and ProteinMAE perform worse than 
dMaSIF and GLINTER across all datasets. Due to the imbalance 
in RRI datasets with � 350× more negative than positive RRIs 
(Table 3, available as supplementary data at Bioinformatics 
Advances online), AU-ROC is less likely to give an accurate esti
mate of a method’s performance than AU-PRC (Davis and 
Goadrich 2006). By this, we mean that unlike AU-ROC, which can 
be insensitive to data imbalance, AU-PRC focuses specifically on 
quantifying performance based on positive labels, making it a 
more sensitive and informative metric in highly imbalanced 
datasets with few positive data points (here, positive RRIs). Note 
that this data imbalance is drastically reduced (�1:4) at the 
exon level (Table 3, available as supplementary data at 
Bioinformatics Advances online). We find that AU-PRC values are 
below 0.05 for each of the PPIIP methods for any dataset 
(Fig. 3b). The low AU-PRC values indicate that the underlying 
problem of RRI predictions is far from being solved and novel 
improved PPIIP methods are required.

In addition to AU-ROC and AU-PRC, we measure the methods’ 
performances using MCC, precision, recall, and F-score at a predic
tion score decision threshold that allows for an FDR of t% (Section 
2.4). Given a dataset and a PPIIP method, for each FDR choice, we 
perform 60 performance tests based on the combination of the 
four performance measures (i.e. MCC, precision, recall, and F- 
score), the three datasets, and the five test sets. When we rank 
(from best to worst) the PPIIP methods based on the total number 
of performance tests in which they perform best, we find that 
dMaSIF is always ranked first and ProteinMAE is always ranked 
fourth for each FDR choice, while PInet and GLINTER switch be
tween ranks 2 and 3 depending on the FDR choice (Fig. 3c). Using 

paired Wilcoxon signed-rank tests with Benjamini–Hochberg cor
rection between PPIIP methods, we find significantly (q-value 
<.05) better performance for dMaSIF across multiple comparisons 
(see Table 4a, available as supplementary data at Bioinformatics 
Advances online and Section 1.7.2, available as supplementary 
data at Bioinformatics Advances online, for more details).

For F-score, while dMaSIF performs best in the majority of FDR 
choices across DEngy and DEvol, GLINTER consistently ranks highest 
for DCon. Note that there is a decrease in the F-score values with 
the increasing FDR (Fig. 3d). This is because, as the FDR choice 
increases, although the recall values of the PPIIP method increase, 
their precision values decrease drastically (Table 2 and Fig. 8, 
available as supplementary data at Bioinformatics Advances online).

To summarize, ProteinMAE always performs worst irrespec
tive of the choice of dataset or performance measure. Note that 
ProteinMAE was shown to outperform dMaSIF in its original 
study but for the task of predicting interfacing residues of a 
protein without considering the other protein partner. In con
trast, in our study, we evaluate the task of predicting RRIs of two 
proteins that form a PPI. Hence, our results do not contradict 
the results of ProteinMAE’s original study. For some combina
tions of datasets and performance measures, GLINTER or PInet 
show better performance than dMaSIF, but in the majority of 
cases, dMaSIF performs best.

3.3 Comparison of PPDL and PPMax on 
the EEI prediction task
We compare the two post-processing approaches (Section 2.3), 
i.e. PPMax and PPDL, on the EEI prediction task. Given a PPIIP 
method, for a majority of the combinations of performance 
measures and datasets, PPDL outperforms PPMax (Fig. 4). Using 
paired Wilcoxon signed-rank tests with Benjamini–Hochberg 
correction (using 15 performance values based on the combina
tion of the three datasets and the five test sets), we find signifi
cant (q-value <.05) differences between PPDL and PPMax 
performances for recall, F-score, and MCC, but not for AU-ROC 
and AU-PRC (see Section 1.7.3 and Fig. 9, available as 
supplementary data at Bioinformatics Advances online).

From a PPI interface point of view, interactions between exon 
pairs potentially rely on multiple (rather than single) RRIs along 
with their interaction patterns. However, the exact number of 
such RRIs or their patterns that define an EEI is not known. 
PPDL with its CNN learns such RRI patterns of EEIs, which likely 
results in its better performance than PPMax. This also signifies 
that future improvements on learning patterns from predicted 
RRIs scores have the potential to improve EEI prediction. 
Henceforth, we only show results for PPDL, while we provide the 
corresponding results for PPMax in the supplement.

3.4 Evaluation of the PPIIP methods on 
the EEI prediction task
For each of DEvol, DEngy, and DCon, every PPIIP method performs 
non-randomly with AU-ROC values (averaged over the five test sets 
of a dataset) ranging from 0.59 to 0.67 (Fig. 5a and Table 6, avail
able as supplementary data at Bioinformatics Advances online). 
dMaSIF consistently performs best, with AU-ROC values ranging 

Table 1 Test set sizes of DCon, DEngy, and DEvol, and their overlapsa.

Number of

Dataset(s) Protein 
pairs

Interacting 
exon pairs

Non-interacting 
exon pairs

DCon only 381 1965 8093
DEngy only 216 2047 3019
DEvol only 126 1364 2403
DCon \ DEngy 63 297 608
DCon \ DEvol 25 123 376
DEngy \ DEvol 22 495 598
DCon \ DEvol \DEngy 35 273 475
a The symbol \ denotes intersection between the test sets.
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(across datasets) between 0.66 and 0.67. The performance of 
ProteinMAE follows dMaSIF with AU-ROC values ranging from 0.61 
to 0.64. PInet and GLINTER closely follow ProteinMAE with AU-ROC 
values ranging from 0.61 to 0.64 for PInet and from 0.59 to 0.64 for 
GLINTER. With respect to AU-PRC (averaged over the five test sets 
of a dataset), ProteinMAE and dMaSIF perform best with values 
ranging (across datasets) from 0.40 to 0.59 for ProteinMAE and 
from 0.39 to 0.57 for dMaSIF (Fig. 5b). Among PInet and GLINTER, 
PInet performs better than GLINTER with one exception: for the 
DCon dataset, GLINTER outperforms PInet.

Similar to evaluations of RRI predictions (Section 3.2), we per
form 60 performance tests for each PPIIP method. When we 
rank (from best to worst) the PPIIP methods based on the total 
number of performance tests in which they perform best, we 
find that the first rank is always occupied by either ProteinMAE 
or PInet, with the top rank shared between the two for the FDR 

choice of 3%. Between dMaSIF and GLINTER, we find that 
dMaSIF is ranked better than GLINTER for three FDR choices 
(3%–5%), while the opposite is true for the remaining FDR 
choices of 1% and 2% (Fig. 5c). However, we do not find any sta
tistically significant (q-value <.05) differences (Table 4b, avail
able as supplementary data at Bioinformatics Advances online).

For F-score, we find that there is an increase as the FDR 
increases (Fig. 5d). This happens because, as the FDR increases, 
for each method, we see a larger increase in recall with a much 
smaller drop in precision (Table 6, available as supplementary 
data at Bioinformatics Advances online). For the DCon dataset, for 
each FDR choice, ProteinMAE performs best (Fig. 5d). For DEngy 

and DEvol, PInet is best, followed by dMaSIF, ProteinMAE, and 
GLINTER. The only exception is at 1% FDR for DEvol, where 
ProteinMAE and dMaSIF switch positions (Fig. 11, available as 
supplementary data at Bioinformatics Advances online).

Figure 3 Performance of the PPIIP methods on the RRI prediction task. Panels (a and b) show mean AU-ROC and AU-PRC, respectively, across 5 folds 
for each dataset (colors), with points for individual folds. In panel (b), gray lines mark the fraction of interacting residues. Panel (c) shows, for each 
FDR on the x-axis, the number of performance tests (y-axis) in which each method ranks best (indicated by different colored compartments of the bar 
and the corresponding numbers within those compartments). Panel (d) shows the F-scores of the PPIIP methods for the DEngy dataset with individual 
data points indicate the value for each test set. See Fig. 7, available as supplementary data at Bioinformatics Advances online, for precision-recall 
curves. The above results are for the RRI definition based on a 6 Å distance cutoff (Section 2.1, available as supplementary data at Bioinformatics 
Advances online). We find similar results for alternative RRI definitions based on distance cutoffs of 4 Å (Table 2, available as supplementary data at 
Bioinformatics Advances online—4Å) and 8 Å (Table 2, available as supplementary data at Bioinformatics Advances online—8Å).
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To summarize, dMaSIF shows on average the best perfor
mance based on AU-ROC. However, with respect to other perfor
mance metrics, in the majority of cases, ProteinMAE and PInet 
show the best performance. GLINTER and dMaSIF perform the 
worst irrespective of the choice of dataset or threshold- 
dependent performance measure.

3.5 Comparison of the PPIIP methods on 
the EEI versus RRI prediction tasks
To evaluate how the performances of the PPIIP methods vary 
across the two different abstraction levels, i.e. exons versus 
residues, of PPI interfaces, we compare the methods’ perform
ances on the EEI versus RRI prediction tasks (Section 1.5, avail
able as supplementary data at Bioinformatics Advances online). 
For each PPIIP method, its EEI prediction performance is signif
icantly (q-value <.05) better than its RRI prediction perfor
mance based on AU-PRC, MCC, precision, and F-score (Fig. 6, 
Fig. 12, available as supplementary data at Bioinformatics 
Advances online). In terms of recall, the RRI prediction perfor
mance of dMaSIF and GLINTER is significantly (q-value <.05) 
better than the EEI prediction performance for any FDR choice. 
The large differences in the precision of EEI versus RRI predic
tions could be related to the differences in their respective ra
tios of positive and negative interactions. That is, the RRI 
datasets are highly imbalanced with �350× more negative 
samples than positive samples, while the EEI datasets show 
much less data imbalance with only up to four times as many 
negative samples as positive samples. This high imbalance of 
the RRI datasets can make it challenging for the prediction 
models to correctly identify true interactions within a large 
number of negative instances.

3.6 Comparison of performance on 
experimental versus predicted protein 
3D structures
To assess the applicability of our pre-trained pipelines on pre
dicted protein structures, we evaluate the performance of one 
of them using protein structures from the AlphaFold Protein 
Structure Database (AFDB) (Fleming et al. 2025). We select the 
dMaSIF with DCon pre-trained pipeline as it gives the best perfor
mance in terms of AU-ROC based on PDB structures (Section 
3.4). Here, we create an alternative DCon containing AFDB struc
tures instead of the original PDB structures, as follows. For every 
PDB structure in DCon, we select the corresponding AFDB protein 
structure if and only if the AFDB structure contains all residues 
of the PDB structure in the same sequence order. Then, for the 
resulting AFDB structures we keep the 3D coordinates of only 
those residues that are also present in the corresponding PDB 
structures. This strategy makes sure that we only use those 
parts of the predicted structures that are present in the PDB 
structures, for a fair evaluation of our pipeline on predicted 
structures. Then, we only keep a protein pair from DCon that has 
AFDB structures for both proteins as per the above criteria. This 
results in 349 out of the 504 protein pairs of DCon (Table 1), which 
we denote as Dsmall

Con . We then evaluate the dMaSIF with DCon pre- 
trained pipeline on the following three datasets: DCon with PDB 
structures, Dsmall

Con with PDB structures (Dsmall
Con � PDB), and Dsmall

Con 
with the AFDB structures (Dsmall

Con � AF). Recall that we have five 
pre-trained models for this pipeline and correspondingly five 
test sets (Section 2.4). Here, the protein pairs in the individual 
folds of Dsmall

Con are exactly the same as those in the individual 
folds of DCon minus the protein pairs not found in AFDB. For 
each fold, we run the corresponding pre-trained model for the 
RRI and the EEI prediction tasks (using PPMax and PPDL), evalu
ating the performance based on AU-ROC.

We find that the performances of our dMaSIF-based pre- 
trained models on predicted structures (Dsmall

Con � AF) are compa
rable (with marginal differences) to that on experimental struc
tures (Dsmall

Con � PDB) (Fig. 7). Most importantly, for EEI prediction 
using PPDL our pipeline maintains high stability across PDB ver
sus AFDB structures. These results highlight the potential of our 
pre-trained pipelines to utilize AFDB protein structures for pre
dicting novel EEIs.

3.7 Prediction of novel EEIs in known PPIs
We use the best (in terms of precision with 1% FDR) EEI predic
tion model, i.e. ProteinMAE with PPDL post-processing trained 
on fold 5 of the DEngy dataset (Table 6, available as supplemen
tary data at Bioinformatics Advances online), to predict novel 
EEIs in all 261 high-confidence human PPIs (but lacking the PPI 
interface information) that have been validated by multiple ex
perimental methods (Section 1.1.6, available as supplementary 
data at Bioinformatics Advances online). Given a PPI, the model 
predicts an EEI score for each inter-protein exon pair between 
the corresponding two proteins. Among the 261 PPIs, there are 
30 569 inter-protein exon pairs, and hence we obtain 30 569 pre
dicted EEI scores (Table 7, available as supplementary data at 
Bioinformatics Advances online). To further assign confidence to 
these predicted scores in terms of FDR, we compare them to a 

Figure 4 Performance of the PPIIP methods on the EEI prediction task 
using the PPMax (x-axis) versus the PPDL (y-axis) post-processing 
approaches. Each point in the plot represents the average (over the five 
test sets) performance of a PPIIP method using PPDL versus using 
PPMax for a given combination of dataset, performance measure, and 
FDR choice (if applicable). For detailed results, see Tables 5 and 6, 
available as supplementary data at Bioinformatics Advances online.
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background distribution constituting predicted scores of all 
non-interacting exon pairs from the set of interacting protein 
pairs on which the model was trained (i.e. the training set of 
fold 5 of the DEngy dataset). We find that for 436 of the 30 569 
exon pairs, the EEI prediction scores are higher than the maxi
mum prediction score of the background distribution (Fig. 13, 
available as supplementary data at Bioinformatics Advances 

Figure 5 Performances of the PPIIP methods on the EEI prediction task. (a–d) Mirror Fig. 3 for AU-ROC, AU-PRC (gray lines mark interacting-exon 
fractions), top-rank counts, and F-scores on DCon, respectively. See Fig. 10, available as supplementary data at Bioinformatics Advances online, for 
precision-recall curves.

Figure 6 Performances of the PPIIP methods on the RRI (x-axis) versus 
the EEI (y-axis) prediction tasks. Each point in the plot represents the 
average (over the five test sets per dataset) performance of a PPIIP 
method using PPDL versus RRI prediction for a given combination of 
dataset, performance measure, and FDR choice (if applicable).

Table 2 Computational runtimes of PPIIP methods and AF models.

Method Average  
pre-processing  
time (s)

Average  
processing  
time (s)

Total time (s)  
(set of 10 protein  
pairs)

dMaSIF 2 3 46
PInet 36 1 369
GLINTER 359 1 3599
ProteinMAE 2 2 37
AF-Multimer 5334 1231 65 643
AF 3 1221 88 13 088
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online). The 436 predicted EEIs come from 111 PPIs (among 174 
proteins), indicating that these novel EEIs are distributed across 
multiple PPIs.

To analyze the biological relevance of these predictions, we 
examine whether the predicted EEIs involve exons that are 
known to be alternatively spliced as per the information in 
UniProt. Of the 174 proteins, 32 proteins (covering 39 PPIs) have 
known isoforms where an entire exon is missing and that exon is 
part of a novel predicted EEI. From these 39 PPIs, we highlight 
two EEI examples. First, an EEI between proteins encoded by 
genes SNRNP200 [UniProt-ID (UID): O75643] and PRPF6 (UID: 
O94906) involving the exon with Ensembl ID ENSE00000963283 
from SNRNP200 and exon ENSE00000856671 from PRPF6. 
SNRNP200 is part of the spliceosomal U4/U6.U5 tri-snRNP 
complex, and thus functionally relevant for AS. Skipping of 
ENSE00000963283 produces an alternative isoform (UID: 
O75643-2) of SNRNP200 (Bertram et al. 2017). Hence, the pro
duction of O75643-2 (instead of the canonical protein), could 
perturb the known PPI between SNRNP200 and PRPF6, and per
haps interfere with normal AS processes. Second, an EEI be
tween proteins encoded by genes RAD51C (UID: O43502) and 
RAD51B (UID: O15315) involving exons ENSE00003481223 and 
ENSE00003579281, respectively. Both RAD51C and RAD51B are 
core components of the BCDX2 complex, essential for double- 
strand break repair (Somyajit et al. 2012). ENSE00003481223 is 
skipped in an isoform (O43502-2) of RAD51C (Chun et al. 2013, 
Rodrigue et al. 2013), indicating that the production of O43502-2 
could perturb the known PPI between RAD51C and RAD51B, po
tentially also perturbing the BCDX2 complex.

3.8 Comparison of runtime
To evaluate the applicability of the trained EEI prediction models 
of the PPIIP methods for real-world usage on unseen data, we 
measure their runtime on a randomly chosen set of 10 protein 
pairs (Table 8, available as supplementary data at Bioinformatics 
Advances online). We limit ourselves to 10 protein pairs because 
we use the same set of proteins to evaluate the runtime of other, 
more time-consuming, PPIIP methods and protein complex 

structure prediction models which we do not include in our study 
further due to their long runtime (Table 8 and Section 1.2, available 
as supplementary data at Bioinformatics Advances online). We per
form the analysis on a server running the operating system 
openSUSE Tumbleweed using one NVIDIA A40 GPU. We apply no 
restrictions regarding the number of threads.

Given the protein pairs, we first measure the pre-processing 
runtimes of the evaluated methods (Table 2). A much longer 
pre-processing runtime for GLINTER, AF-Multimer, and AF 3 
comes partially from the multiple sequence alignment step, 
which is not required for dMaSIF, ProteinMAE, and PInet. Next, 
given the pre-processed protein pairs as input, we measure the 
prediction runtimes of the evaluated methods (Table 2). These 
are all in the same range for the PPIIP methods. So dMaSIF and 
ProteinMAE both have similar total (pre-processing + prediction) 
runtimes and are both much faster than PInet and GLINTER, and 
orders of magnitude faster than the AF models. For example, the 
total runtime of ProteinMAE is � 96× and � 10× lower than the 
total runtime for GLINTER and PInet, respectively, and � 1700× 
and � 350× lower than AF-Multimer and AF 3, respectively.

4 Conclusion
We extend four existing 3D structure-based PPIIP methods, i.e. 
dMaSIF, PInet, GLINTER, and ProteinMAE, originally designed for 
RRI predictions, to predict EEIs. Overall, the EEI prediction per
formances of the methods are significantly better than random. 
The output of our study can be used by the scientific community 
in two ways.

First, our computational pipelines can be used to predict EEIs be
tween any two interacting proteins by (i) using one of our pre- 
trained models or (ii) training a model from scratch. While dMaSIF 
shows the highest AU-ROC, ProteinMAE with the PPDL post- 
processing EEI prediction pipeline shows the best precision-based 
performance with the lowest computational runtime. Hence, 
ProteinMAE should be the first choice to predict novel EEIs to re
duce false positives. As an example, we use a pre-trained model of 
this pipeline to predict novel EEIs within a set of high-confidence 
human PPIs (Section 3.7). We train and test our EEI prediction pipe
lines using known 3D protein complexes from the PDB. As such, our 
pipelines are trained to distinguish between interacting versus non- 
interacting exon pairs across two proteins in a PPI. In general, our 
pipelines could be tested on protein pairs that do not interact, e.g. 
from the Negatome database (Blohm et al. 2014). Such evaluations 
represent an important consideration for future development of EEI 
prediction tools.

Second, our study provides insights into how to adapt existing 
PPIIP methods, designed for the RRI prediction task, for solving 
the EEI prediction task. Specifically, when using the RRI predic
tion scores of the existing PPIIP methods, we show that a CNN- 
based post-processing learns the patterns in the predicted RRI 
scores to correctly distinguish between interacting and non- 
interacting exon pairs. Other machine learning-based post-proc
essing approaches might be used to more accurately capture 
such patterns and thus to further “fine-tune” the existing PPIIP 
methods for EEI predictions.

Such developments must also account for the data limitations 
faced by this study. A primary challenge is that there is no 

Figure 7 Performance evaluation of our dMaSIF with DCon pre-trained 
pipeline on the RRI prediction task (left) as well as the EEI prediction 
task using the PPMax (center), and PPDL (right), based on experimental 
and predicted protein structures. The height of the bars shows the 
mean AU-ROC, while the black points represent the performances for 
individual folds.
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experimental ground truth specifically for EEIs. Because of this, 
we computationally derived a ground truth by mapping exons 
onto crystallized protein complexes. Another limitation is that 
PDB entries often contain only protein fragments. As a conse
quence, the training data may lack the complete structural con
text needed for accurate interface prediction, as models are 
trained on partial protein structures rather than full-length pro
teins. Further, PDB data are biased towards stable complexes, 
which could be reflected in our trained models. Despite these 
data constraints, the predicted EEIs could be integrated into 
existing computational frameworks, e.g. NEASE (Louadi et al. 
2021) or DIGGER (Louadi et al. 2021), that explore the functional 
impact of the addition or removal of exons due to AS. Such 
methods overlay expressed exons from transcriptomics data 
onto an exon-level view of PPIs (i.e. EEIs) to predict perturbed 
biological processes. Thus, novel predicted EEIs could expand 
the current understanding of the functional impact of AS within 
AS-prone biological conditions.
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