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Abstract

Isoforms from the same gene can significantly rewire protein interaction networks,
but proteome-wide computational evaluation of these effects remains challenging.
In this work, we present DeeplSO, a deep learning framework for predicting isoform-
specific interactions. DeeplSO integrates two graph convolutional neural networks
and a random forest model via a logistic regression model. To the best of our knowl-
edge, this is the first approach to jointly leverage AlphaFold-predicted structures

and ESM2 language model embeddings for this task. Compared with state-of-the-art
PPI prediction tools, DeeplSO demonstrates superior performance.

Keywords: Alternative splicing, Isoform, Protein—protein interaction, Deep learning,
Structure

Background

Alternative Splicing (AS) is a crucial regulatory mechanism in many eukaryotes that
significantly enhances the proteome diversity [1, 2], with over 95% of multi-exon genes
undergoing AS in humans [3, 4]. During the splicing process, exons are selectively
included or excluded, allowing a single gene to generate multiple isoforms [5] that
provide functional diversity. For instance, isoforms can be involved in differing pro-
tein—protein interactions (PPIs), protein-DNA binding, and subcellular localization [6].
Despite their sequence similarity, isoforms may exhibit only minor differences in protein
function, while many others show entirely distinct protein functions rather than slight
variations [7, 8]. Currently, several studies have explored isoform function prediction,
employing deep learning-based methods that predict isoform functions from sequence
and expression information [9-13]. Additionally, databases such as scTEA-db [14] and
IIIDB [15] provide isoform function information annotated through computational
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methods. However, due to the lack of extensive experimental evidence, the large-scale
functional regulation details through AS remain poorly understood.

Although AS diversifies the functional roles of specific genes, the extent of isoform
contribution to functional complexity at the proteome and interactome scales remains
unknown [8]. So far, extensive research has been conducted on protein interactions to
delve into protein functions [16, 17]. However, most studies focused on the gene level,
assuming that a single gene produces a reference isoform, significantly overlooking the
impact of AS on the underlying isoform connectivity [18]. Notably, as one of the scant
sources to date, a high-throughput interactomics study by Yang et al. found that isoforms
extensively rewire protein interactions, indicating that most isoforms share fewer than
50% of interaction partners [8]. Although the prevalence of this rewiring effect remains
unclear, its complexity is far greater than previously anticipated [19]. Although accurate,
experimental identification of isoform-driven interactions at a proteome-wide scale is
time-consuming and labor-intensive, considerably impeding our global understanding
of isoform-driven PPI rewiring and highlighting the necessity for more rapid and cost-
effective computational approaches.

Since PPI rewiring has been an important entry point for understanding AS-induced
changes in gene function [20, 21], several computational methods have been elegantly
developed to investigate isoform interactions. Ghadie et al. proposed a domain-based
method (DIIP) to predict isoform interactions [20] that relies on known reference PPIs
and isoform domain annotations to infer isoform interactions. Since this approach is
based on isoform domain annotations, the coverage of protein interactions that DIIP
can provide is significantly limited. Using an attention-based model, Yu et al. introduced
IDMIL-III to predict isoform interactions on a genome-wide scale [22]. While Narykov
et al. developed ALT-IN with a semi-supervised learning strategy [4], employing a triplet
input approach to explore interactions between any two isoforms and a common pro-
tein, this method cannot directly determine the interaction relationships between iso-
forms. It is also worth noting that the source code of these existing isoform interaction
methods is rarely available to the community, significantly limiting their applications.

Recent studies have demonstrated significant progress in predicting PPIs in general
using deep learning techniques. In particular, convolutional neural networks (CNNs)
were shown to effectively predict PPIs by embedding features from protein sequences
[23]. Natural language processing (NLP) models have been applied to characterize pro-
tein features such as ESM2 [24] and ProtT5 [25], thereby greatly improving prediction
accuracy. With the widespread application of AlphaFold [26], structural information
about proteins is increasingly being used to predict PPIs [27-29]. For instance, Huang
et al. demonstrated that incorporating structural information significantly enhances
PPI prediction [29]. However, such methods focus on interactions between reference
isoforms, ignoring interactions between isoforms. Notably, the availability of struc-
tural information is crucial for predicting interactions between isoforms, as they exhibit
distinct structural conformations despite heightened sequence similarity. As a conse-
quence, the prediction of isoform interactions is still in its infancy, and significant room
for performance improvement remains in the deep learning era.

Here, we propose an integrated deep learning model, DeepISO, that leverages both
sequence and structural information to predict interactions between protein isoforms.
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To capture structural information of interacting isoforms, we represent each protein’s
structure as a residue contact map and train two graph convolutional neural networks
(GCNp) to predict isoform interactions. As for sequence-based predictions, we also use
a pre-trained protein language model to generate embedding vectors for each protein
sequence, which are then used as input to a random forest (RF) model. By integrating
the three individual models, the proposed DeepISO architecture can predict interac-
tions between isoforms with maximum accuracy. To demonstrate the veracity of the
predictions, we apply DeepISO to several case studies, allowing us to predict interac-

tions between isoforms that explain the underlying biology.

Results

Architecture of DeeplSO

DeeplSO is an integrated prediction model that comprehensively integrates structural
and sequence information for isoforms at the protein residue level, thereby enabling
more accurate prediction of isoform interactions. In particular, we designed a three-
pronged approach, in which we first represent each protein isoform using its contact
map from AlphaFold (version 2.0). In the second step, such networked structures are
subjected to two GCN models. Briefly, we used the pre-trained protein language model
ESM2 to generate high-dimensional embedding vectors for every residue of interacting
protein isoforms in the first GCN model (i.e., ESM2-based GCN model). In contrast, we
relied heavily on structural features to encode each residue in the second GCN model
(i.e., SF-based GCN model). In the third step, we used ESM2 solely to represent the
underlying protein isoform sequence that is fed to an RF model. While such approaches
can be used in isolation, we combined these methods in a final logistic regression (LR)

step to predict interactions between protein isoforms (Fig. 1A).

Performance of DeeplISO

As for training data, we collected isoform interactions from the large-scale study by
Yang et al. [8], obtained via yeast two-hybrid (Y2H) screening. Specifically, the dataset
captures 1,500 samples of isoform interactions between 498 proteins, with a balanced
ratio of positive to negative samples. We randomly partitioned the dataset, using 80%
of the samples for training and the remaining 20% as an independent test set. More
details about the preparation and partitioning of the dataset are available in the Methods
section.

To comprehensively evaluate DeepISO’s performance, we obtained receiver operating
characteristic (ROC) and Precision-Recall (PR) curves (Fig. 1B, C). Moreover, we quanti-
fied the predictive performance using the area under the ROC curve (AUROC) and the
area under the PR curve (AUPRC). In particular, we observed that DeepISO performs
extraordinarily well, with AUROC and AUPRC of 0.848 and 0.842, respectively (Table 1).
At a false positive rate control of 20%, DeepISO achieved a sensitivity of roughly 80%.
Furthermore, we conducted a thorough comparison of DeepISO with established PPI
prediction methods, such as DIIP, which focuses on predicting isoform interactions, as
well as D-Script [30], PPITrans [31], PIPR [32], and MAPE-PPI [28], which are utilized
for general PPI prediction, and AlphaFold-Multimer [33].
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Fig. 1 Overall model architecture of DeeplSO and performance comparison with other methods. A DeeplSO
consists of three individual predictive models: (i) a Siamese GCN model based on ESM2 features, (i) a
Siamese GCN model based on structural features (SF), and (jii) an RF model using ESM2 features. The final
DeeplSO model integrates the predictive scores from the three individual models through LR. Performance
comparison of our DeeplSO model with existing prediction methods was conducted using B ROC and C PR
curves. Gray lines in B and C represent random performance

DIIP is designed to predict isoform interactions based on domain-domain interac-
tions (DDI) by considering the different domains present in the isoforms. We imple-
mented DIIP on our local machine based on its operational principles [20]. When tested
on the independent test set, DIIP achieved a precision of 0.877, a recall of 0.087, and
an F1 score of 0.159 (Table 1). In general, DeepISO considerably outperforms DIIP in
terms of comparable precision and much higher recall and F1 scores (Precision =0.763,
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Table 1 Performance comparison of DeeplSO and existing PPI predictors

Model Precision? Recall® F1-score® AUROC AUPRC
DeeplSO 0.783 0.826 0.804 0.848 0.842
DIIP 0877 0.087 0.159 NAP NAP
D-Script 0.613 0.255 0.360 0.599 0.582
PPITrans 0.703 0.709 0.706 0.775 0.794
PIPR 0.676 0.664 0.660 0.706 0.705
MAPE-PPI 0.693 0.772 0.730 0.768 0.710
AlphaFold-Multimer 0.667 0.015 0.029 0.547 0.555

#The value in each model was based on the default interaction threshold of 0.5

b NA indicates that the corresponding value is not available

Recall=0.819, F1 score=0.790). To allow a fairer comparison, DeepISO achieves a
recall of 0.664 when we set the precision control to 0.877, which is much higher than the
corresponding value of DIIP (0.087).

We further compared DeepISO to four state-of-the-art generic PPI predictors
(D-Script [30], PPITrans [31], PIPR [32], and MAPE-PPI [28]). D-Script generates fea-
ture representations of protein structural information using a pre-trained model and
estimates the interaction probability of the input protein pairs based on these fea-
tures. PPITrans uses the pre-trained ProtT5 model to encode proteins and employs
a transformer architecture to predict protein interactions. PIPR is a sequence-based
PPI predictor that first generates protein embedding vectors and uses a recurrent
convolutional neural network (RCNN) architecture to predict interactions between
protein pairs. MAPE-PPI is a structure-aware model that predicts PPIs by learning
microenvironment embeddings from 3D structural features. To ensure a fair com-
parison, we downloaded the source codes of these four methods, retrained the cor-
responding predictive models on our isoform interaction training dataset, and tested
their performance on the isoform interaction test set. Judged by the ROC or PR
curves, we found that DeepISO showed the best predictive performance, followed by
PPITrans, MAPE-PPI, PIPR, and D-Script (Fig. 1B, C). In general, these four generic
PPI methods still shared complementary results with DeepISO to some extent (Addi-
tional file 1: Fig. S1).

As a functional module provided by AlphaFold (version 2.0), AlphaFold-Multimer
is widely used to predict the 3D complex structure of two interacting proteins, with
parameters such as predicted Template Modeling (pTM) and interface pTM score
(ipTM) used to evaluate the quality of the predicted structures [33]. Recently, a hybrid
score that jointly considers pTM and ipTM (i.e., 0.8 ipTM + 0.2 pTM) has been pro-
posed to distinguish protein interactions from non-interactions. A higher score
indicates a higher likelihood of protein interaction. As shown in Fig. 1B, C, Alpha-
Fold-Multimer’s performance in predicting isoform interactions is inferior to Deep-
ISO. Such a result implies that the simple metric inferred from AlphaFold-Multimer
cannot accurately detect isoform interactions, even though AlphaFold-Multimer was
specifically designed for 3D structure prediction of interacting proteins.

Furthermore, we explored the feasibility of predicting isoform interactions using
models trained on the reference isoform-level PPI data. Specifically, we used the
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HuRI dataset employed by Huang et al. [29] as the normal level PPIs, with a posi-
tive-to-negative sample ratio close to 1:1. For a fair comparison, we retrained PIPR
and DeepISO on the reference-isoform PPI dataset and tested on the isoform test set.
Additional file 1: Fig. S2 indicates that using normal PPIs to predict isoform inter-
actions results in a dramatic performance drop, suggesting that isoform interactions
may involve different interaction patterns compared to normal PPIs. However, even
under these circumstances, DeepISO still outperforms other methods (Additional
file 1: Fig. S2A, B).

Ablation and optimization experiments

Among the three individual predictors, the RF model is entirely based on protein
sequence information, while the other two predictors within the Siamese GCN frame-
work use protein structural information, prompting us to investigate the performance
of the three individual predictors through ablation experiments. As shown in Fig. 2A, B,
the ESM2-based GCN predictor achieved the best predictive performance among the
three individual classifiers (AUROC =0.833, AUPRC=0.816), whereas the RF model
yielded the weakest results. The integrative DeepISO achieved reasonable performance
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Fig. 2 Predictive performance of different models in ablation experiments. A ROC and B PR curves of the RF
models with different encoding schemes. C ROC and D PR curves of DeeplSO and its three individual models.
Gray dotted lines indicate random prediction performance
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improvement compared to the best individual predictor and the combinations of any
two individual predictors (Fig. 2C, D).

We further examined some key factors affecting the performance of these three
individual predictors. As for the RF model with ESM2, we also benchmarked it
against another pre-trained protein language model called ProtT5 and three tradi-
tional sequence encoding schemes [Conjoint Triad (CT), Auto Covariance (AC), and
Di-peptide Composition (DPC)]. More details about the calculations of these encod-
ing schemes are available in the methods. As a result, the pre-trained models ESM2
and ProtT5 demonstrated significant advantages over traditional encoding meth-
ods (CT, AC, and DPC) (Fig. 2A, B). Compared with ProtT5, ESM2’s performance
is nearly the same (Fig. 2A, B). We also compared the RF model to other machine
learning algorithms. In addition to yielding better performance than other traditional
machine learning algorithms such as LightGBM and Adaboost [34], the RF model
also outperformed deep learning models like MLP (Additional file 1: Table S1). Such
an observation might result from the limited sample size, in which deep learning
models cannot fully utilize their superior capabilities. When using protein structural
information, we introduced two GCN models, converting protein structures into resi-
due contact networks as a crucial step. Adjusting the threshold for edges in the resi-
due contact map, we found that the model performed best when the residue contact
threshold was set to 8 A while edges formed by adjacent residues were removed from
the contact matrix (Additional file 1: Fig. S3A). We also used the PeSTo [35] model to
predict the probability of each residue in a protein participating in protein interac-
tions. In particular, PeSTo is a geometric deep learning model that efficiently predicts
protein binding interfaces using only atomic coordinates as input. Using a threshold
of 0.1 (Additional file 1: Fig. S3B), we removed non-essential residues from the iso-
form structure, which optimized model performance. When we combined the three
individual classifiers with an LR model, DeepISO achieved optimal performance.

(See figure on next page.)

Fig. 3 Examples of isoform interaction prediction with 3D complex structures. In panels A-D, red represents
interacting partners, purple represents the reference isoform and cyan represents the differential regions
between the AS isoform and the reference isoform. The solid black squares indicate interactions, while the
white squares indicate no interactions. A 3D complex structure of the interaction between NDN_A (purple)
and DTPBP1 (red). In the NDN_B isoform, this interaction interface is disrupted as a consequence of the loss of
a sequence region (cyan), which includes some linear motifs. Despite such complex binding circumstances,
DeeplSO correctly predicted the presence/absence of interactions between DTPBP1 and the corresponding
isoforms. B 3D complex structure formed by the interaction between HGS_1 (purple) and MAGED1 (red).
Although a part of the domain sequence is lost (cyan) in the HGS_2 isoform, the interaction is not disrupted
since the lost domain region is far from the interaction interface, interaction characteristics that DeeplSO
correctly predicted. C 3D complex structure of the interaction between ARNT2_F08 (purple) and ADAMTSL4
(red). The reference isoform ARNT2_F02 cannot interact with ADAMTSL4. However, in the ARNT2_F08 isoform
part of a disordered region at the C-terminus is lost (cyan), enabling an interaction with ADAMTSL4. Notably,
DeeplSO correctly predicts both the absence and presence of the corresponding isoforms. D 3D structures
of MVP_G/MVP_H (purple) in complex with RBPMS (red). The two figures at the bottom show the alignment
of MVP_A with these two complexes, respectively, using the "Align”function in PYMOL. The longer isoforms
of MVP (MVP_A, MVP_C) cannot interact with RBPMS. However, in the MVP_G and MVP_H isoforms, partial
sequences are lost (cyan), causing changes in the protein’s spatial structure, leading MVP_G and MVP_H to
interact with RBPMS, complex circumstances that DeeplSO correctly predicted
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Understanding isoform interaction predictions in the context of 3D complex structures

To investigate structural changes in isoform interaction prediction, we collected some
representative examples of AS-induced PPI rewiring from the literature and our inde-
pendent test set. We analyzed the corresponding prediction results from DeepISO
and two existing methods (PIPR and PPITrans) (Fig. 3) and used AlphaFold-Multimer
to predict the 3D complex structures formed by the isoform interactions in these
examples.

The first case study concerns the interaction prediction of NDN (necdin) isoforms and
DTNBP1 (dysbindin). Specifically, NDN is a growth suppressor that plays an important
role in nervous system development, while DTNBP1 is associated with synaptic func-
tion. The interaction between NDN and DTNBP1 may play a complex and significant
role in the development, functional maintenance, and disease processes of the nervous
system. As shown in Fig. 3A, NDN produces two isoforms, NDN_A and NDN_B. Com-
pared to NDN_A, NDN_B lacks a segment of the linear motif, indicating that NDN_A
can interact with DTNBP1, while NDN_B does not [36]. Using AlphaFold-Multimer, the
complex structure formed by NDN_A and DTNBP1 indicates that the linear motif in
NDN_A is located in the binding region with DTNBP1, suggesting that the missing lin-
ear motif in NDN_B may directly disrupt the interaction between NDN_B and DTNBP1.
Among the three individual models, the ESM2-based GCN model produced prediction
scores closest to the ground truth (Additional file 1: Table S2), indicating its strength
in capturing sequence-level motif features. As a result, DeepISO accurately predicted
the different interaction states of the NDN isoforms even in this motif-lacking scenario
(Fig. 3A).

Protein domains are crucial in mediating PPIs and are responsible for recognizing and
binding other proteins, indicating that a protein’s change or loss of domains can signifi-
cantly impact its interaction partners. The second example focuses on the interaction
between HGS (Hepatocyte growth factor-regulated tyrosine kinase substrate) isoforms
and MAGED1 (Melanoma-associated antigen D1). Specifically, HGS is involved in intra-
cellular signal transduction, while MAGED1 participates in the apoptotic response in
neuronal cells and inhibits cell cycle progression. The interaction between HGS and
MAGED1 may connect apoptotic signaling and receptor transport, coordinating cell
cycle regulation and protein degradation in neuronal cells. As shown in Fig. 3B, the
HGS_1 isoform contains two domains (the VHS and UIM domains), while the HGS_2
isoform lacks the UIM domain. However, experimental results showed that both HGS_1
and HGS_2 can interact with MAGEDI. Intriguingly, both DeepISO and PIPR made
correct predictions in this example, while PPITrans failed. We further analyzed the rea-
sons why DeepISO can achieve successful predictions. The 3D complex structure we
predicted for HGS_1 and MAGED]1 indicates that the missing UIM domain in HGS_2
is distant from the protein binding interface, which might explain why the loss of the
UIM domain has little effect on the interaction. As shown in additional file 1: Table S2,
the ESM2-based GCN predictor achieved the highest score in predicting the interac-
tion between HGS_1 and MAGED1 among the three individual prediction models,
while the SF-based GCN predictor obtained the highest score in predicting the interac-
tion between HGS_2 and MAGED1. Thus, our two structure-based prediction models in
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DeepISO can thoroughly characterize protein structure information, enabling accurate
predictions of the isoform interactions.

In addition, disordered regions of proteins typically lack a fixed 3D structure, providing
high flexibility and adaptability, allowing disordered proteins to adopt various conforma-
tions when binding to different partners. The third example focuses on the AS-induced
interaction between ARNT2 (Aryl hydrocarbon receptor nuclear translocator 2) and
ADAMTSL4 (ADAMTS-like protein 4) (Fig. 3C). Specifically, ARNT?2 is a transcription
factor (TF) that regulates the expression of various genes, while ADAMTSL4 is involved
in cell apoptosis. Their interaction may help maintain the stability and functionality of
the extracellular matrix, which is crucial for tissue structure and integrity. Compared to
the ARNT2_FO02 isoform, ARNT2_FO08 lacks a disordered region at the C-terminus, yet
still interacts with ADAMTSL4. However, the longer ARNT2_F02 cannot interact with
ADAMTSL4, indicating that the disordered region at the C-terminus affects its ability
to interact. Benefiting from the joint contributions of three individual predictors (Addi-
tional file 1: Table S2), DeepISO accurately predicts this PPI arising from the loss of the
disordered region, while the PPITrans and PIPR results are incorrect.

Apart from the above structural differences, other conformational changes between
different isoforms can also lead to the rewiring of PPIs, exemplified by the interaction
between MVP (Major vault protein) and RBPMS (RNA-binding protein with multiple
splicing). MVP is the largest known ribonucleoprotein, comprising approximately 70%
of the vault protein mass and forming a tubular structure. As shown in Fig. 3D, both
MVP_G and MVP_H can interact with RBPMS, whereas the longer MVP_A and MVP_C
isoforms cannot. To investigate why the longer isoforms cannot interact with RBPMS,
we structurally aligned MVP_A with the complex structures of MVP_G/MVP_H and
RBPMS (Fig. 3D). The structure alignment revealed that MVP_A shares a similar N-ter-
minal structure with MVP_G and MVP_H. However, MVP_A forms an extended struc-
ture region, which may create a severe spatial hindrance that prevents its interaction
with RBPMS. A similar steric clash phenomenon can be observed in MVP_C. Notably,
such complex structural considerations are best captured by DeepISO, enabling accu-
rate predictions of interactions between MVP isoforms and RBPMS. In particular, the
GCN_ESM2 model contributes dominantly to the correct predictions (Additional file 1:
Table S2). In contrast, PPITrans and PIPR performed poorly and could not accurately
distinguish the effects of interaction rewiring.

To help understand the potential limitations of the proposed DeeplSO, we provided
another case study on the interaction predictions between A2BP1 isoforms and RBPMS,
where DeepISO yields incorrect predictions. A2BP1 is a human RNA-binding protein
that generates three protein isoforms (A2BP1_A, A2BP1_B, and A2BP1_C) through AS,
all of which are known to interact with RBPMS. Both PIPR and PPITrans successfully
predicted all three interactions, whereas DeepISO only correctly identified the inter-
action between A2BP1_B and RBPMS. We further examined the prediction scores of
the three individual models in DeepISO (Additional file 1: Table S2). Interestingly, the
sequence model (RF_ESM?2) alone correctly predicted interactions for all three isoforms,
whereas the two GCN models produced lower prediction scores (Additional file 1:
Table S2). After integrating the outputs via an LR model, only the interaction between
A2BP1_B and RBPMS was predicted by DeepISO as positive. We further provide a
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structural visualization of the predicted complex structure of the reference isoform
A2BP1_C and RBPMS (Additional file 1: Fig. S4). The pTM value of the A2BP1_C struc-
ture from AlphaFold is only 0.27. Generally, a pTM score above 0.5 indicates that the
predicted fold may be similar to the true structure. Therefore, the structural quality of
A2BP1_C is low. The same phenomenon was observed in the predicted structures of
A2BP1_A and A2BP1_B. The low quality of the predicted A2BP1 isoform structures may
explain why our two GCN models failed to yield correct predictions, whereas RE_ESM2
and two existing sequence models (PPITrans and PIPR) are successful in this case.

AS-induced PPI rewiring in breast cancer

Breast cancer significantly impacts the health of hundreds of millions of people world-
wide, and numerous studies have already demonstrated that AS plays a crucial role in the
development and progression of breast cancer [37-39]. In this study, we conducted an
in-depth analysis by integrating known interactomics and transcriptomics data related
to breast cancer. Specifically, we employed DeepISO to quantitatively assess the PPI
network rewiring induced by AS in breast cancer individuals. We collected RNA-Seq
data on breast cancer, allowing us to identify 64,116 differentially expressed transcripts
of 9,601 genes for subsequent analyses. More details about the RNA-Seq data process-
ing are available in the methods. We employed the protein interaction network in breast
cancer experimentally determined by Kim et al. [40], which consists of 997 gene-level
PPIs among 697 proteins. Narrowing down the original PPI network by integrating the
results of RNA-Seq analysis, we retained PPIs when at least one protein in a given PPI
contains two or more differentially expressed transcripts. Such a filtering step allowed
us to obtain a refined PPI network containing 498 pairs of gene-level PPIs from 420 pro-
teins, which we used for further analyses.

We utilized DeepISO to predict isoform interactions within this PPI network. To pro-
vide an intuitive investigation of isoform interactions, we first compared the interac-
tion profiles of two isoforms of each protein. As shown in Fig. 4A, approximately 26% of
isoforms from the same protein share different interaction partners, indicating that AS
significantly expanded the protein interaction capabilities. For network visualization, we
plotted the refined breast cancer PPI network using a different color scheme to highlight
the PPI rewiring effects caused by AS (Fig. 4A). In particular, if the isoforms of two pro-
teins in a PPI have different isoform interaction modes, this PPI is defined as a rewired

(See figure on next page.)

Fig. 4 Breast cancer-centered PPl network perturbations induced by alternative splicing. A Distribution of
interaction pattern differences between all possible pairs of AS isoforms in the breast cancer PPl network.

A Jaccard distance of 0 indicates that the two isoforms share identical interaction partners, while a distance
of 1 points to two isoforms that do not share any common interaction partners. A distance between 0 and

1 indicates that the two isoforms share partial common partners. B displays the breast cancer PPl network
rewired by AS. C Network topological parameters (degree, clustering coefficient, and betweenness) between
rewired nodes and other nodes through violin plots (** p-value <0.01). Performing module clustering on the
rewired breast cancer PPl network, we find 3 clusters that are significantly related to breast cancer: D Cluster
7 centers on TP53, E Cluster 10 revolves around ERa, and F Cluster 5 centers on BRCA1. Genes with mutations
clinically associated with breast cancer are defined as “strongly correlated’, while others are defined as “weakly
correlated” In panels B and D-F, diamond-shaped nodes represent genes that are highly associated with
breast cancer, while circular nodes represent genes that are weakly associated with breast cancer. Red edges
indicate rewired interactions, while red nodes point to nodes that have undergone rewiring
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interaction (edge) in the network. Likewise, if the isoforms of a protein (node) in the net-
work can have different interaction partners, the protein is defined as a rewired protein
(node). As shown in Fig. 4B, 105 out of the 498 PPIs were rewired, and 69 out of the 420
proteins were considered rewired nodes. By comparing the network topological param-
eters (degree, clustering coefficient, and betweenness) between rewired nodes and other



Guo et al. Genome Biology (2026) 27:153 Page 13 of 22

nodes in the interaction network (Fig. 4C), we found that rewired nodes tend to occupy
more significant positions within the interaction network.

To further quantitatively explore the rewiring effects of isoform interactions caused by
AS in breast cancer, we also searched the ClinVar database (https://www.ncbi.nlm.nih.
gov/clinvar/) and obtained 4,462 genes strongly associated with breast cancer, each of
which contains clinically proven mutation sites. 143 out of these 4,462 genes are involved
in our newly compiled PPI network, participating in 457 PPIs. Interestingly, 103 out of
the 105 rewired interactions contain SA genes (Fig. 4B and Additional file 1: Table S3).
Statistically, SA genes are significantly involved in PPI rewiring (x test, p-value =0.014),
further indicating a substantial impact of AS on the breast cancer PPI network.

We also performed modular partitioning of the breast cancer PPI network using the
igraph package (Fig. 4B) [41]. After removing modules with fewer than five nodes, 13
modules were obtained (Additional file 1: Table S4). We noted three clusters with a rela-
tively higher number of nodes, including Cluster 7 containing cellular tumor antigen p53
(TP53) (Fig. 4D), Cluster 10 containing estrogen receptor (ERa) (Fig. 4E), and Cluster
5 harboring the breast cancer type 1 susceptibility protein (BRCA1) (Fig. 4F). We con-
ducted functional enrichment analyses of these three clusters using MetaScape (Addi-
tional file 1: Fig. S5) [42]. All three clusters were significantly enriched for functions and
metabolic pathways related to breast cancer and associated diseases. The enriched func-
tions in Cluster 7 highlight TP53’s central role in breast cancer. TP53 maintains genomic
integrity by regulating DNA damage response, cell cycle, apoptosis, and protein stability.
Mutations or loss of function in TP53 can lead to breast cancer cells evading normal pro-
liferation control, thereby promoting tumorigenesis and progression [43, 44]. Cluster 10
highlights the critical role of ERa in breast cancer, particularly in regulating cell prolif-
eration, apoptosis, and signaling pathways. By regulating the PI3K-Akt, MAPK, and Wnt
signaling pathways, ERa66 promotes the growth and survival of breast cancer cells. Fur-
thermore, the functional role of ERa66 in regulating cell adhesion and the senescence-
associated phenotype also supports the development of breast cancer. Indeed, ER«a is
not only a biomarker for breast cancer but, more importantly, may constitute a potential
therapeutic target [45]. In addition, Cluster 5 mainly involves DNA damage repair, par-
ticularly the repair of DNA double-strand breaks through homologous recombination
(HR). BRCAL interacts with the RNA polymerase II complex to regulate gene expression
and maintain telomeres to ensure genomic stability [46] (Additional file 1: Fig. S5). It
should be emphasized that the rewired nodes/edges detected in these three clusters by
DeepISO (Fig. 4E, F) may provide rich information for further deciphering the biological
functions of network modules.

Discussion

Regarding the model architecture, the proposed deep learning model DeepISO com-
prises three individual predictors (the RF, GCN_ESM?2, and GCN_SF models), which
are further integrated via an LR model. Compared with a specific isoform-interac-
tion method and several popular PPI predictors, DeepISO achieves superior perfor-
mance. The success of DeepISO in isoform interaction prediction can be attributed to
its ability to effectively and comprehensively extract residue-level features from both
sequence and structural information. It is worth mentioning that the contribution of the
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sequence-based RF model to DeepISO is limited. In terms of AUROC or AUPRC val-
ues, the improvement introduced by the RF model is minor (less than 1%) (Fig. 2A, B).
Given that protein structural information is not readily accessible in real-world appli-
cations and the predicted structures from AlphaFold may also be incorrect in some
cases, we decided to keep the sequence-based RF model in DeepISO. As an option in
DeepISO, the RF model can be easily used in isolation, allowing users to rapidly apply
sequence information to infer protein isoform interactions in some large-scale predic-
tion tasks. Since GCN_ESM2 and GCN_SF share the same model architecture, an alter-
native integration method is the concatenation of the ESM2 and structure features into
a new feature vector to develop a single predictor. To examine this issue, we conducted
a computational experiment to directly fuse the ESM2 and structure features within
a single encoder. Since these two encoding schemes exhibit large variance, we con-
ducted Z-score normalization for each feature before model training. The new predictor
yielded intermediate performance between the two individual models (AUROC =0.821,
AUPRC=0.802). In other words, the approach performed better than GCN_SF but
worse than GCN_ESM2, implying that the current integrative strategy is suitable for
maximizing the performance. Taken together, the model architecture is generally opti-
mal for the current isoform prediction task.

It has been well established that a protein’s structural properties, including motifs,
domains, disordered regions, and overall conformation, play crucial roles in recognizing
its interaction partners. Specifically, the AS isoforms may experience diverse structural
changes compared to the reference isoform. To enhance model interpretability, we pro-
vided several case studies that explain why DeepISO can outperform two existing meth-
ods (PIPR and PPITrans) (Fig. 3). Through structural visualizations, these case studies
clearly demonstrate that DeepISO can effectively handle diverse structural changes to
yield proper PPI predictions. It should also be noted that, in some cases, the isoform
structures from AlphaFold are incorrect, and these low-quality isoform structures can
significantly affect the predictive performance, which is a potential limitation of the cur-
rent DeepISO model.

Moreover, DeepISO can be applied to understand the rewiring of AS-driven PPI net-
works on a proteome-wide scale. To explore such an application, we applied DeepISO
to the integrative analysis of known interactomics and transcriptomics data related to
breast cancer. As expected, the introduction of DeeplISO yielded informative results, as
the isoform interactions between genes were predicted, allowing us to characterize PPI
rewiring in breast cancer. Indeed, we observed extensive AS-induced perturbations in
the PPI network, affecting disease-related metabolic pathways (Fig. 4B). We have shown
the biological significance of the rewired nodes/edges detected by DeepISO through net-
work topology analysis and module identification. In the meantime, the rewired nodes/
edges may serve as potential new hints to further guide hypothesis-driven experimental
efforts to interrogate the functional roles of candidate genes in breast cancer.

Conclusions

In this work, we propose DeepISO, a model that predicts isoform interactions by lev-
eraging both sequence and structural information of isoforms. Although DeepISO
can accurately predict isoform interactions, the current study still suffers from some
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limitations. First, the limited number of isoform interaction samples may affect the gen-
eralizability of the proposed DeepISO model. Second, although we incorporated rich
structural and sequence information, the direct use of atomic 3D coordinates remains
limited; if appropriate methods are employed to leverage coordinate information [47],
DeepISO’s performance could be further improved. Third, the small training dataset also
prevents us from taking full advantage of deep learning. For instance, the RF model used
in our approach outperforms deep learning models for developing the sequence-based
predictors. As experimental data increases in the future, we believe the generalizability
of the updated DeepISO will be significantly enhanced, making it applicable in broader
contexts.

Methods

Data collection and preprocessing

We collected the dataset of isoform interactions from Yang et al. [8], which was deter-
mined through high-throughput yeast two-hybrid (Y2H) screening. This dataset is cur-
rently the largest experimentally validated isoform interaction dataset, also recording
negative samples (i.e., non-interactions with experimental evidence). In particular, this
dataset contains 820 interactions and 635 non-interactions, capturing 332 isoforms from
140 genes. To enable the model to learn interactions between isoforms derived from the
same gene, we retained only positive samples involving genes with multiple isoforms.
As this training strategy differs from conventional PPI modeling, a total of 750 high-
quality positive samples were selected for training and testing. Furthermore, a significant
imbalance between positive and negative samples can severely impact the model’s per-
formance in pairwise input predictions. To ensure dataset balance, we added negative
samples following strict criteria: (1) we randomly selected protein pairs from the dataset
to construct negative samples and only retained those pairs whose proteins appeared
in different subcellular localizations; (2) we downloaded DDI data from the 3did data-
base and used HMMER to annotate all proteins with their corresponding domains
(E-value < 1e-5) [48], excluding protein pairs with DDIs. After integration, we obtained a
dataset of 1,500 isoform interaction samples, with a 1:1 ratio of positive to negative sam-
ples. We randomly split the dataset into 80% training and 20% testing sets.

The overall model architecture of DeeplSO

The core idea of DeeplISO is to predict isoform interactions by comprehensively extract-
ing sequence and structural information of isoforms. DeepISO is an integrative model
with three individual predictive models (Fig. 1A).

ESM2-based GCN predictor

Graph representation of protein structures Based on the prediction results of Alpha-
Fold for isoform structures, we constructed an undirected residue contact graph for each
protein structure [26]. Briefly, residues serve as nodes and residue-residue contacts serve
as edges. If the distance between the Ca atoms of any two non-adjacent residues is less
than a specific threshold (default 8 A), we surmise that these two residues form an edge.
Since not all residues contribute to isoform interactions, we predicted the probability
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of each residue participating in protein interactions using PeSTo [35]. Specifically, we
retained residues with a probability greater than 0.1 to serve as nodes in the graph. It
should be noted that the removal of unimportant nodes (with probability scores less
than 0.1) may further result in isolated nodes, which were also discarded. Considering
a residue is generally in contact with multiple residues, the number of isolated nodes is
limited.

Feature engineering In the ESM2-based GCN predictor, we employed ESM2 and the
protein’s secondary structure as node features. We used the esm2_t33_650M_UR50D
pre-trained model to encode each residue in the protein, where each residue is encoded
as a 1,280-dimensional feature vector. Then, DSSP [49] was used to assign the protein’s
secondary structure. Each residue’s secondary structure state was categorized into four
classes: helix, sheet, turn, and other, represented by a four-dimensional one-hot vector.
Finally, each residue was converted into a 1,284-dimensional feature vector.

Model training of the ESM-based GCN predictor We utilized a Siamese GCN archi-
tecture to extract hidden features from protein structures. The protein is represented by
a residue contact graph consisting of n nodes. The GCN input comprises two parts: an
adjacency matrix A € R ™" and a node feature matrix X € R "™, where m is the length
of the feature vector for each residue (m=1,284 in this work). We employed two-layer
GCN to update the hidden features of residues, with the update rules as follows:

H(l+1) =o(D Y?AD2HO W ®) (1)

A=A+1 2)

In particular, H represents the hidden state during the /-th convolutional layer, W(1) rep-
resents the weight matrix of the /-th layer, o represents the nonlinear activation function
(0 is LeakyReLU in this work), A denotes the adjacency matrix,D represents the diago-
nal degree matrix of A while I denotes the identity matrix. After two layers of GCN,
the hidden features of all nodes are averaged. Then, the two input-paired proteins are
concatenated, resulting in a final 512-dimensional feature vector that represents the
hidden features of the underlying protein pair. Then, the concatenated feature vectors
are fed into a CNN block. We employed 1D convolution with two layers of convolu-
tion kernels of size 2 to further extract feature information from an /x s dimensional
array, where / represents the length, and s is the feature dimension (i.e., channels). After
each convolution, feature transformation is performed using linear layers. Finally, the
features extracted by the CNN block are input into an MLP with four fully connected
layers, utilizing the sigmoid function to compute the probability of interaction between
two proteins. In addition, to avoid potential overfitting, we applied appropriate weight
initialization (Kaiming Normal), used a small learning rate (0.0001), and trained the
model with a small batch size suited to the dataset. The model was trained for 30 epochs,
considering that convergence was achieved based on the training loss (Additional file 1:
Fig. S6). Both model training and evaluation were performed on a single NVIDIA RTX
3090 GPU with 24 GB of memory.
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SF-based GCN predictor

The SF-based GCN predictor employs the same model architecture and graph-based pro-
tein structure representation as the ESM2-based GCN predictor. The major difference
is that the SF-based GCN predictor more heavily utilizes structural features for residue
representations.

The SF-based predictor primarily employs three types of features. First, it utilizes PeSTo
to predict the probability of each residue participating in intermolecular interactions. In
particular, PeSTo [35] operates directly on atomic coordinates without requiring additional
physicochemical properties. It can predict molecular binding interfaces between proteins
and other molecules such as proteins, nucleic acids, lipids, ions, and small molecules.
Therefore, we obtain a 5-dimensional feature vector representation for each residue. Next,
we utilized FoldSeek [50] to generate feature representations of the protein’s 3D structure.
FoldSeek initially aimed to rapidly and accurately search protein structures [50]. Specifi-
cally, FoldSeek employs a VQ-VAE model, encoding protein structural information into
information tokens derived from 20 distinct 3D states, denoted as P=(f, f;,..., f;), where
f; represents the structural token at the i-th position, and # points to the sequence length.
Consequently, we extracted intermediate layer information from FoldSeek, employing
one-hot encoding to represent 3D structural features of each residue as a 21-dimensional
feature vector. Finally, we also represented the secondary structure of each residue using a
one-dimensional feature vector. Ultimately, we obtained a 27-dimensional structural fea-
ture vector for each residue. The GCN_SF model was trained similarly to the GCN_ESM2
model. The number of training epochs was determined to be 75 according to the conver-
gence behavior of the training loss (Additional file 1: Fig. S6).

ESM-based RF predictor

We employed an RF model to predict isoform interactions using protein sequence informa-
tion. For each protein, the ESM2 model (esm2_t33_650M_UR50D) was used to generate a
final representation of L x 1,280, where L is the length of the protein. We averaged over the
length-dimension of the representations to derive fixed-size vectors (i.e., 1,280 dimension-
ality) of each protein. We concatenated the feature vectors of the interacting proteins that
were input into the RF model. Specifically, the RF model is implemented using the sklearn
library (https://scikit-learn.org/) in Python, and parameter optimization was conducted
using grid search. The specific parameters n_estimators and max_depth were optimally set
to 50 and 15, respectively. Note that the hyperparameter optimization was based on the
observed performance during the fivefold cross-validation on the training dataset.

Integrative predictor by logistic regression

To improve isoform prediction performance, we combined the scores from the three indi-
vidual classification models into a vector. Subsequently, we trained an integrative predic-
tor through LR. The implementation of the LR algorithm is based on the iLearn library
in Python [34]. To prevent potential overfitting, a fivefold cross-validation strategy was
employed on the training dataset to determine the optimal model parameters.
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Other sequence-based encoding schemes

We also used three conventional sequence encoding schemes (CT, AC, and DPC) and
another pre-trained protein language model called ProTrans to benchmark the ESM-
based RF model.

cT

The CT encoding scheme first bins the 20 amino acids into seven groups (AGV, C, DE,
FILP, HNQW, KR, and MSTY) based on the physicochemical properties of their side
chains. Then, the composition of three consecutive amino acid groups (i.e., CT) in a pro-
tein sequence can be calculated. As a result, a protein is represented by a 343-dimensional
(7 x 7 x 7=343) vector. Finally, a protein pair is represented by a 686-dimensional vector.

AC

AC encoding considers the effect of interactions between amino acids separated by a cer-
tain distance (the maximal sequence distance is set to 30 in this work) in the sequence.
To measure this correlation, amino acid properties are characterized using seven indices:
hydrophobicity, hydrophilicity, polarity, polarizability, side-chain volume, solvent-accessi-
ble surface area, and net charge index of side chains. More details about the AC encoding
are available in our previous work [51]. Ultimately, each protein pair is transformed into a
420-dimensional (30 x 7 x 2=420) vector.

DPC

DPC represents the composition of two consecutive amino acids (i.e., dipeptides) within
the entire protein sequence and is used to transform a protein into a 400-dimensional vec-
tor [52], pointing to the final dimension of DPC encoding for a protein pair of 800.

ProtTrans
The ProtTrans models are available at https://github.com/agemagician/ProtTrans. We used
prot_t5_xl1_uniref50 (ProtT5), which transforms each protein sequence into a 1,024-dimen-

sional vector. Finally, a protein pair is represented by a 2,048-dimensional vector.

Performance assessment

In this work, we plotted ROC and PR curves and relied on the corresponding metrics (i.e.,
AUROC and AUPRC) to assess the overall predictive performance of the model. We also
introduced four common performance metrics (Precision, Recall, ACC, and F1-score) for
method evaluation and comparison. These four metrics are defined as:

. TP

Precision = ———— (3)
1P + FP

Recall r 4

ecall = ———
TP + FN @

TP + TN

ACC = + 5)

TP + TN + FP + FN
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2 x Recall x Precision
F1 — score = — (6)
Recall + Precision

where TP, FP, TN and FN represent the number of true positive, false positive, true nega-
tive and false negative samples, respectively.

Analysis of RNA-Seq data related to breast cancer

In this work, RNA-Seq data related to breast cancer were downloaded from the NCBI
Sequence Read Archive (SRA) database with the accession numbers PRJNA1081147
and PRJNA1034678 [53], where the breast cancer samples were derived from primary
breast tumor tissue. Subsequently, a standardized RNA-Seq data analysis pipeline was
applied. After quality control of raw data through Trimmomatic (v0.39) [54], Hisat2
was used to align reads to the reference genome with default parameters [55], where the
reference genome was obtained from Ensembl (version: Homo sapiens.GRCh38) [56].
Then, the SAM file from Hisat2 was converted to a BAM file using Samtools (v1.11). The
transcripts were assembled according to reference genomes, while the corresponding
expression levels (i.e.,, TPM values) were calculated using StringTie (v2.1.4) [57]. Finally,
we identified differentially expressed transcripts in breast cancer samples using the R
package "DESeq2" [58]. Transcripts with |log2FC|>1 and an adjusted p-value<0.05
were considered differentially expressed transcripts.
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