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Abstract

Protein complexes are molecular machines that execute essential cellular functions,
but their computational identification remains challenging. Existing protein complex
identification methods largely rely on PPl network topology, functional annotations,
or protein-level biochemical evidence. Although these approaches have recovered
many biologically meaningful assemblies, they are often sensitive to incomplete or
noisy interactomes and provide limited mechanistic insight into the residue- and
interface-level determinants of complex formation. In particular, conventional PPI-
based graph representations indicate whether proteins are associated, but usually
ignore how protein subunits physically interact through spatially organized residues
and structural interfaces. These limitations motivate the development of computa-
tional frameworks that connect residue-scale structural cues with interactome-scale
organization. Here we present PCIPG, a multi-scale probabilistic graph framework
that jointly models residues, proteins, interactions and complexes. PCIPG encodes
residue-level physicochemical descriptors on intra-chain contact maps, screens infor-
mative residues to construct structure-aware protein representations and propagates
these representations over the PPI graph to infer a protein—complex membership
matrix. To couple complex membership with sparse interaction evidence, PCIPG
reconstructs the network using a zero-inflated Bernoulli—-Exponential likelihood,
providing a principled learning signal under missing-edge and noise regimes. Across
five Saccharomyces cerevisiae benchmarks, PCIPG achieved higher average F1 and
Acc than the representative baseline methods included in this study, with average
improvements of 11.46% and 3.64%, respectively. On the evaluated human inter-
actomes, PCIPG achieved the highest F1 score among the compared methods on
HCT116 and HEK293T, whereas its performance on HuRI was below that of AdaPPI
and ClusterONE. Embedding-guided interaction completion improved PCIPG’s
performance relative to its results on the corresponding original human PPI net-
works. Beyond complex calling, PCIPG supports core—module mining by recovering
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Proteins rarely work alone. In living cells, many proteins assemble into complex-
es that act as molecular machines to perform essential biological functions, such
as DNA replication, RNA processing, protein degradation and cellular signaling.
Identifying these complexes is therefore important for understanding how cells
work and how diseases arise. However, current computational methods often
rely mainly on protein—protein interaction networks, which can be incomplete

or noisy, and usually ignore detailed structural information at the amino-acid
residue level. In this study, we developed PCIPG, a graph-based computational
framework that combines residue-level protein features, structural contact infor-
mation and protein interaction networks to identify protein complexes. PCIPG
learns how local structural properties of proteins are related to their interactions
and complex memberships, and it can also infer missing interactions in incom-
plete networks. Across the evaluated yeast and human datasets, PCIPG gener-
ally achieved competitive or improved protein complex identification performance
compared with the representative methods included in this study, although the
relative performance varied across datasets. In addition, it highlighted biological-
ly meaningful complex cores, candidate functional modules and residues likely
to participate in protein-binding interfaces. Our results suggest that integrating
structural information with interaction networks can provide a more interpretable
way to study protein complex organization.

1 Introduction

Protein complexes are central to cellular regulation, operating as coordinated molec-
ular machines that maintain physiological homeostasis. Fueled by rapid advances

in experimental and computational methods, the structural characterization and
prediction of protein assemblies has progressed substantially [1-3]. Yet a founda-
tional question remains: which proteins intrinsically tend to assemble into complexes,
especially within the large-scale proteomic maps generated by modern sequencing
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and proteomics technologies? This challenge—commonly termed protein complex identification—aims to determine, from
a pool of proteins, the sets of subunits that co-function and co-assemble into structurally cooperative macromolecular
complexes.

Existing strategies to address this problem still depend heavily on specialized experimental assays, including affinity
purification, co-fractionation and cryo-electron microscopy [4—7]. In parallel, most computational approaches cast protein
complex identification as module discovery in protein—protein interaction (PPI) networks, often enhanced by Gene Ontol-
ogy annotations and multi-omics evidence [8—10]. By emphasizing shared cellular localization and functional similarity,
these methods can recover biologically meaningful complexes at the protein level.

Despite these advances, existing computational approaches still face several major limitations. First, topology-driven
methods are highly dependent on the completeness and reliability of input PPI networks. However, experimentally derived
interactomes often contain both false-negative and false-positive interactions, and complex boundaries inferred solely
from network connectivity can therefore be distorted by missing or noisy edges. Second, methods that incorporate Gene
Ontology annotations, co-expression profiles or other omics-derived features usually operate at the protein level. Although
these data sources improve functional coherence, they do not directly explain the molecular determinants that drive phys-
ical assembly. Third, conventional PPI graph representations abstract each protein as a node and each interaction as an
edge, thereby discarding residue-level physicochemical properties, intra-chain structural organization and interface-related
information. As a result, these methods can identify groups of associated proteins, but they usually provide limited insight
into how specific subunits interact and why particular assemblies are structurally plausible.

Increasingly, however, attention is shifting to a finer resolution: pinpointing the residues and interfaces within subunits
that mechanistically govern complex formation [11-13]. Current complex identification frameworks largely lack the gran-
ularity required to operate at the residue scale. For example, yeast two-hybrid (Y2H) leverages the modularity of tran-
scription factors: binding between BAIT and PREY reconstitutes a functional transcriptional activator that drives reporter
expression. As a result, Y2H reports whether two proteins interact, but not how they bind. Affinity purification coupled to
mass spectrometry (AP—-MS) isolates a bait protein together with co-purifying partners and identifies the components by
mass spectrometry; it reveals co-complex membership, yet typically cannot discriminate direct physical contacts from
associations mediated by intermediate proteins, nor localize the binding interface. Analogously, computational methods
usually represent proteins as nodes and interactions as edges in a graph, an abstraction that discards the spatial organi-
zation and chemical context that reside at the residue/interface level.

The advent of AlphaFold2 has reshaped structural biology by enabling proteome-scale, high-accuracy prediction of
protein monomer structures [2]. In parallel, high-throughput interaction assays, including affinity purification mass spec-
trometry [14] and co-fractionation mass spectrometry [15], have produced unprecedented volumes of interaction data and
accelerated proteome-wide interactome mapping. Together, these advances create both an opportunity and an urgent
need for computational frameworks that connect residue-level molecular determinants to network-level organization,
thereby improving our mechanistic understanding of complex assembly and enhancing protein complex identification.

A desirable framework for protein complex identification should therefore satisfy three requirements. It should incorpo-
rate residue-level structural and physicochemical information to capture the local molecular basis of protein association; it
should propagate such information over the PPl network to account for cellular interaction context; and it should explicitly
model missing or uncertain interactions, rather than assuming that the observed interactome is complete. Meeting these
requirements is particularly important for large-scale interactomes, where structural information is increasingly available
but interaction evidence remains sparse, noisy and biased toward well-studied proteins.

Motivated by this gap, we introduce a residue-informed representation learning perspective that links multiple biological
scales, from amino acids and protein monomers to protein complexes and interaction networks. In this view, physico-
chemical and structural attributes at the residue level are integrated into a learned protein representation for each protein.
This residue-informed protein embedding provides a compact representation of local structural organization, residue
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physicochemical context and potential interface-related properties. During complex formation, these learned representa-
tions are further propagated and integrated over the PPI network, enabling PCIPG to capture higher-order organizational
patterns associated with protein complex assembly.

Building on this conceptual framework, we developed PCIPG (Probabilistic Complex Identification using a Probabilistic
Graph), a probabilistic graph model that connects residue-level determinants with interactome-scale organization (Fig 1).
In PCIPG, we distinguish the conceptual probabilistic graphical model from the practical training implementation. At the
biological modeling level, protein—complex membership is treated as an observable biological variable, because protein
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Fig 1. Overview of PCIPG. (a) Conventional protein complex identification methods mainly use protein-level functional information and PPI networks as
inputs. PCIPG further incorporates residue-level physicochemical features and protein structural information. At the conceptual level, protein—complex
membership is regarded as an observable biological variable, whereas the complete underlying interactome is treated as latent and incomplete because
available PPI networks are partial and noisy observations of true interaction relationships. (b) PCIPG first encodes residue features on intra-chain con-
tact maps using GraphSAGE. The resulting protein representations are then propagated over the PPI network using GAT.

https://doi.org/10.1371/journal.pcbi.1014698.g001
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complexes can in principle be characterized by structural and biochemical assays [1,16,17]. By contrast, the complete
underlying interaction network is modeled as a latent and incomplete variable, since available PPl maps represent noisy
and partial observations of the true interactome. During training, the available PPI network is used as observed evidence,
serving both as the message-passing topology and as the reconstruction target. PCIPG then infers a protein—complex
membership matrix from residue-level structural features and the available PPI evidence, and couples this matrix back to
the interaction network through a zero-inflated Bernoulli-Exponential reconstruction likelihood. By learning dependencies
among these variables with graph neural networks, PCIPG aims to capture the cascade from residue properties and their
spatial arrangement to protein-level assembly and network-level connectivity. This unified framework provides a mecha-
nistically grounded route to protein complex identification.

Different from prior methods, PCIPG is designed as an end-to-end protein complex identification framework that
integrates residue-level structural encoding, PPI-level graph propagation and probabilistic network reconstruction within
a unified model. The residue-level component is introduced to construct structure-aware and residue-informed protein
representations, which improves the interpretability of the predicted complexes by linking complex-level predictions to
residue-level structural information. The PPI-level graph module propagates these representations over the interaction
network to capture complex-related organization patterns. The probabilistic graphical formulation further couples the
inferred protein—complex membership matrix with the observed interaction evidence through network reconstruction.
Therefore, the novelty of PCIPG lies not in using any single component in isolation, but in combining these components
within a unified probabilistic framework for accurate and interpretable protein complex identification.

Across five yeast and three human benchmark datasets, PCIPG showed strong overall protein complex identification
performance relative to the representative baselines included in this study, although the magnitude and direction of the
performance differences varied across datasets and metrics. PCIPG achieved favorable results on most yeast benchmark
comparisons and obtained the highest F1 score on HCT116 and HEK293T among the evaluated methods. On HuRl,
however, its F1 score was lower than those of AdaPPI and ClusterONE. These results indicate that PCIPG is broadly
competitive across heterogeneous interaction networks, rather than uniformly superior under every evaluation setting.
Functional validation via Gene Ontology (GO) enrichment indicates that the predicted complexes are biologically coherent
and significantly enriched for relevant processes. In core-module mining, PCIPG reliably recapitulates established core
components and further prioritizes plausible, previously unannotated candidates for follow-up investigation. In line with
prior reports, complexes related to TRAPPII and PCNA loading factors recovered by PCIPG are implicated in essential
cellular functions.

PCIPG further benefits from a multi-scale design that makes the identified key residues directly informative for molec-
ular interactions. High-scoring residues prioritized by the core locus identification module showed increased correspon-
dence with known protein-binding interfaces in the evaluated structures, suggesting that the learned residue scores
contain interface-related information. In the CFTR case study, predictions generated using wild-type and AF508 struc-
tural inputs showed different interaction patterns and partial agreement with the corresponding experimentally profiled
networks. These computational observations illustrate potential applications of PCIPG for generating residue- and
network-level hypotheses. Collectively, these results establish PCIPG as an effective and interpretable framework for
protein complex identification.

2 Results
2.1 Overview of PCIPG

As shown in Fig 2, PCIPG explicitly models information across four scales: residues, proteins, interactions and com-
plexes. Residue-level physicochemical descriptors computed with RDKit are encoded into protein representations by the
SAGE module using an intra-chain contact map. Each SAGE module comprises a GraphSAGE layer for residue-to-
residue propagation, followed by a linear transformation with batch normalization, and a SAGPooling layer to select
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Fig 2. Workflow of the PCIPG framework. The framework integrates residue-level features, protein contact maps, and the PPl map as the main inputs.
Residue features and contact information are first encoded by SAGE blocks to obtain protein-level representations. The PPl map is then processed by
GAT blocks and an MLP block to infer protein-complex associations and protein similarity information. The model is optimized using a

zero-inflated Bernoulli-exponential distribution loss. The learned embeddings further guide edge completion by estimating potential missing interactions,
and the completed interaction map is used for retraining and refinement. Finally, top-Q candidate protein complexes are generated as the output.

https://doi.org/10.1371/journal.pcbi.1014698.9002

informative residues. Stacking three SAGE modules yields protein embeddings. These embeddings are then integrated
over the protein—protein interaction network using graph attention networks (GATs). After three GAT modules, an MLP
produces the protein—complex membership matrix. Finally, the interaction network is reconstructed from the membership
matrix under a zero-inflated Bernoulli-Exponential model, and the model is optimized by minimizing the reconstruction
loss (Eq. 26).

2.2 PCIPG delivers improved benchmark performance and functional coherence

To assess the effectiveness of PCIPG, we benchmarked it against 15 representative protein complex detection meth-
ods. To ensure a fair and interpretable comparison, we selected baselines from different methodological families. These
methods can be broadly grouped into five categories. First, classical topology-based clustering methods, such as MCODE
and MCL, identify dense or modular regions in PPI networks. Second, density-, seed- or expansion-based methods, such
as ClusterONE, CMC, PC2P and COACH, search for cohesive subnetworks or expand candidate complex cores. Third,
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representation-learning or matrix-factorization-based methods, such as TADW-SC and GANE, learn latent protein repre-
sentations from network topology and auxiliary information. Fourth, graph neural network or graph autoencoder-

based methods, such as DPCMNE, R-GMM-VGAE, Protein-AGC and HGC, infer complex structures through learned
graph embeddings or reconstructed network patterns. Fifth, recent deep learning or PPI-enhancement methods, such

as PCGAN, AdaPPI and splp, incorporate generative modeling, adaptive PPl information or link-prediction strategies. A
detailed categorization of the baseline methods is provided in Table 1. These baselines were selected because they rep-
resent both classical and recent strategies for protein complex identification and cover different assumptions about how
protein complexes are organized in PPI networks. The evaluation protocol, including the normalized association-based
matching between predicted and reference complexes and the definitions of Precision, Recall, F1-score, PPV, Sn and
ACC, is described in detail in the Section 4. As shown in Fig 3, PCIPG achieves higher F1 score, accuracy, recall and pre-
cision than the compared baselines on most of the evaluated benchmarks, supporting its effectiveness for protein complex
identification on these benchmarks.

For instance, on the Collins and Krogan-core datasets, PCIPG achieves F1 scores of 0.8330 and 0.8182, respectively,
which are higher than those of the competing methods included in this comparison. On the more challenging DIP and
BioGRID networks, which are typically associated with lower interaction confidence and greater sparsity, PCIPG attains
F1 scores of 0.6932 and 0.6879. Together, these results indicate that PCIPG maintains competitive performance across
PPI networks with different noise levels and topological complexity.

Because BioGRID was used as the single development dataset for performance-informed architecture and residue-
feature selection, its reported result should be interpreted as development-dataset performance rather than as a fully
independent held-out estimate. After the model configuration was finalized on BioGRID, the same architecture, residue
representation, training settings, and complex-generation procedure were fixed and applied to Collins, DIP, Krogan-core,
and Krogan14k without further tuning against their reference complexes. These four datasets therefore provide
cross-dataset evaluation of the fixed yeast model configuration.

To assess complex recognition beyond Saccharomyces cerevisiae, we evaluated PCIPG on three human datasets:
HCT116, HEK293T and HuRI. As shown in Table 2, PCIPG achieved the highest F1 score among the compared methods
on HCT116 and HEK293T, with values of 0.6464 and 0.5637, respectively. The corresponding strongest baseline values
were 0.6336 for ClusterONE on HCT116 and 0.5403 for Protein-AGC on HEK293T. On HuRI, PCIPG achieved an F1

Table 1. Categorization of baseline methods used for protein complex identification.

Category Representative methods Main principle

Topology-based clustering MCODE, MCL Detect dense or modular regions in
PPI networks based mainly on graph
topology.

Density-, seed- or expansion- ClusterONE, CMC, PC2P, Identify cohesive subnetworks, expand

based detection COACH candidate cores or optimize local com-
plex quality.

Representation-learning-based | TADW-SC, GANE Learn latent protein representations

methods from network topology and auxiliary
information.

Graph neural network or graph | DPCMNE, R-GMM-VGAE, Use graph neural networks, graph auto-

autoencoder-based methods Protein-AGC, HGC encoders or attributed graph clustering to
learn complex-related network patterns.

Deep learning or PPI- PCGAN, AdaPPI, splp Incorporate generative modeling, adap-

enhancement methods tive PPl information or link-prediction
strategies.

https://doi.org/10.1371/journal.pcbi.1014698.t001
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Fig 3. Performance comparison of protein complex detection methods on five Saccharomyces cerevisiae benchmark datasets. PCIPG
achieves the strongest overall performance across datasets, with consistently higher F1 score, accuracy, recall and precision than competing methods.

https://doi.org/10.1371/journal.pcbi.1014698.g003

Table 2. F1-score comparison of PCIPG and competing methods on human datasets.

Methods HCT116 HEK293T HuRI
MCODE 0.4640 0.3948 0.1650
MCL 0.5148 0.3577 0.3937
ClusterONE 0.6336 0.5174 0.4581
cMC 0.5361 0.4156 0.4021
PC2P 0.6091 0.4885 0.3640
COACH 0.5593 0.4366 0.3851
TADW-SC 0.5438 0.3884 0.3610
GANE 0.5446 0.4567 0.3822
DPCMNE 0.4804 0.3448 0.2733
R-GMM-VGAE 0.4823 0.4653 0.3867
Protein-AGC 0.5593 0.5403 0.4180
PCGAN 0.5808 0.4884 0.3602
AdaPPI 0.6319 0.5280 0.4709
HGC 0.6080 0.5194 0.4280
splp 0.4827 0.4155 0.3520
PCIPG 0.6464 0.5637 0.4332

https://doi.org/10.1371/journal.pcbi.1014698.t002

score of 0.4332, which was lower than AdaPPI (0.4709) and ClusterONE (0.4581), but higher than the remaining meth-
ods except these two. Thus, PCIPG performs favorably on HCT116 and HEK293T and remains competitive, although not
best-performing, on HuRI. Full results for Precision, Recall and Accuracy are provided in S2 Table.
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To assess the functional reliability of the predicted complexes, we performed Gene Ontology (GO) semantic similarity
analysis on curated complexes, PCIPG-predicted complexes and randomly sampled protein sets. Random complex datasets
were generated following the protocols of Qi et al. [18] and Wang et al. [19]. Briefly, we randomly sampled nodes from the PPI
network to form synthetic complexes, while constraining their size distribution to follow the power-law pattern observed in the
curated gold-standard complexes. The number of random complexes was fixed at five times that of the gold standard (5:1).

As shown in Fig 4, predicted complexes exhibit significantly higher GO semantic similarity than both size-matched ran-
dom protein sets and size- and degree-matched random protein sets across Biological Process (BP), Cellular Component
(CC) and Molecular Function (MF) terms. These results support the functional relatedness of subunits within the predicted
assemblies and indicate that the observed functional coherence is not explained solely by complex-size distribution or
node-degree effects. The consistent trends across datasets further underscore the robustness of PCIPG and highlight the
functional coherence and biological plausibility of the predicted complexes.

2.3 Systematic ablation dissects the contributions of individual module components

To systematically quantify the contribution of each component, we conducted extensive ablation studies on the yeast
and human datasets, targeting the protein representation module, the protein interaction module, the residue feature
extraction module and the network enhancement learning module. BioGRID was selected as the primary ablation

benchmark because it is one of the largest and most widely used yeast PPI datasets in our evaluation, contains rich
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interaction information, and provides a challenging setting for assessing the effect of individual model components.
HCT116, HEK293T and HuRI were used for network-enhancement and reconstruction-related ablations because they
represent sparse human interactomes. As shown in Fig 5, Replacing GraphSAGE with alternative backbones (GCN,
GraphConv, ChebNet or LSTM) showed that graph-based encoders consistently outperformed the non-graph baseline
(LSTM), highlighting the importance of explicitly encoding structural topology with graph neural networks (Fig 5a). Among
these variants, GraphSAGE achieved the best precision and recall, suggesting that it is particularly effective at capturing
residue-level topological dependencies. Likewise, substituting the interaction module backbone (GAT) with GATv2, GIN
or GINE indicated that GAT provides the most favorable trade-off between recall and accuracy (Fig 5b), consistent with its
ability to model heterogeneous neighborhood contributions in networks with overlapping module.

We further assessed the necessity of the two major modules by removing them individually. Both the SAGE-only
(without the interaction module) and GAT-only (without the structural representation module) variants exhibited substantial
drops in F1 score and accuracy (Fig 5c¢), underscoring that accurate delineation of complex boundaries requires integrat-
ing residue-informed structural representations with interactome context.

We also examined the impact of residue feature design by ablating physicochemical property groups in a stepwise man-
ner. The residue descriptor groups were initially selected according to biochemical and structural considerations. Specifically,
we included residue-level properties that are known to influence protein folding, local structural organization and protein—pro-
tein interfaces, such as hydrophobicity, polarity, charge, hydrogen-bond-related descriptors, steric or volume-related proper-
ties and other physicochemical attributes. These descriptors were intended to provide complementary information about the
local residue environment and the potential contribution of residues to protein interaction and complex assembly.

To examine the contribution of each residue feature group, we performed feature-group ablation analysis on the
BioGRID benchmark. Each feature group was removed in turn, and the resulting model performance was compared
with that of the full descriptor set. Feature groups whose removal caused clear performance degradation were retained,
whereas redundant or weakly informative groups were excluded from the final representation. This procedure allowed
us to balance biological interpretability, predictive performance and feature redundancy. The highest recognition accu-
racy was obtained when the second group was removed (Fig 5d). We believe that this reflects redundancy between the
electronic-property descriptors and hydrogen-bond-related descriptors; accordingly, we excluded the former while retain-
ing the remaining six categories in the final model. Finally, we compared manually engineered residue descriptors with
embeddings from protein language models (ProGen2, ESMFold and ProteinMPNN). Although pre-trained embeddings
achieved comparable—and in some cases slightly higher—predictive performance (Fig 5e), handcrafted features sub-
stantially reduced runtime, memory footprint and feature dimensionality (Fig 5f), providing a favorable balance between
efficiency, interpretability and accuracy.

On the human PPI benchmarks, PCIPG performs less strongly than on Saccharomyces cerevisiae, a trend that is
consistent with the substantially greater sparsity and incompleteness of currently available human interaction networks
(S1 Table). To partially mitigate the impact of missing edges, we carried out network completion using protein embeddings
learned by a graph attention network (GAT). Specifically, we augmented the PPI graph by adding putative interactions
between protein pairs with high cosine similarity in the embedding space, thereby increasing connectivity.

To examine whether the performance gain of network enhancement comes from PCIPG-specific embedding guid-
ance rather than generic graph densification, we compared four network settings. No enhancement uses the original
PPI network without adding candidate edges. Random edge addition adds the same number of edges as PCIPG-guided
enhancement by uniformly sampling unconnected protein pairs, thereby testing whether performance improves merely
because the graph becomes denser. Link-prediction-based addition adds the same number of edges using a topology-
based link prediction score (Adamic—Adar similarity [20]). This baseline tests whether local network topology alone can
recover useful missing interactions. PCIPG-guided enhancement adds candidate interactions according to cosine simi-
larity in the learned GAT embedding space, which integrates residue-level structural information and PPI-level interaction
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https://doi.org/10.1371/journal.pcbi.1014698.9005
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context. For a fair comparison, all edge-addition strategies use the same number of added edges for each dataset and are
followed by the same retraining procedure.

As shown in Table 3, PCIPG-guided enhancement achieves the best performance among the compared network
enhancement strategies on all three human PPI datasets. Compared with random edge addition and link-prediction-based
addition, PCIPG-guided enhancement yields higher Precision, Recall, F1-score and Accuracy, suggesting that the perfor-
mance gain is not merely caused by generic graph densification. Instead, the learned embedding space provides useful
structure- and interaction-aware signals for prioritizing plausible missing interactions in sparse human interactomes. Addi-
tional results under alternative cosine-similarity thresholds are reported in S1 Table.

Consistent with the improved detection performance, GO-based functional evaluation further indicates that complexes
predicted after network completion display higher functional coherence than those obtained from the original networks
(Fig 6). Together, these results suggest that PCIPG can exploit latent interaction-related signals captured by network
embeddings, and that moderate, embedding-guided completion offers a practical way to partially offset the incomplete-
ness of human PPI networks and improve protein complex identification in large-scale human interactomes.

2.4 PCIPG recovers protein modules and core components

Early small-scale studies began to probe protein—complex organization in 2003 [21]. Building on this foundation, the land-
mark work by Gavin and colleagues [22] proposed the core—module—attachment model, which has since become a central
paradigm in complex identification [23—25]. Using affinity purification coupled to mass spectrometry (AP—MS), this study
reported 491 complexes and categorized constituent proteins into cores (present in most isoforms), attachments (present
only in a subset of isoforms) and modules.

We adopted this catalogue as the gold standard (S3 Table) and mapped the 491 reference assemblies onto the BioG-
RID interaction set. Treating the GAT-derived protein-complex membership matrix P as a sample—feature representation,
we applied hierarchical clustering to identify coherent modules (Fig 7). PCIPG predicted 306 modules, of which 187 exhib-
ited strong overlap with experimentally defined modules; among the 122 gold-standard modules, 99 were successfully
recovered. Overall, the predictions achieved NMI = 0.8961, and complementary metrics (ACC = 0.62, PPV = 0.99) further
support the reliability of the inferred modular organization.

To identify core components, PCIPG first clustered isoform-like assemblies and then applied a frequency-based
two-sample Welch’s t-test to detect stable subunits within each cluster (Fig 7). For each protein, the null hypothesis was

Table 3. Performance comparison of different network enhancement strategies on human PPI datasets.

Dataset Network enhancement strategy Precision Recall F1-score Accuracy
HuRlI No enhancement 0.6570 0.3231 0.4332 0.4055
Random edge addition 0.6508 0.3194 0.4285 0.4012
Link-prediction-based addition 0.6631 0.3264 0.4375 0.4102
PCIPG-guided enhancement 0.6783 0.3385 0.4516 0.4240
HCT116 No enhancement 0.8436 0.5239 0.6464 0.4740
Random edge addition 0.8352 0.5168 0.6385 0.4675
Link-prediction-based addition 0.8628 0.5361 0.6613 0.4896
PCIPG-guided enhancement 0.9223 0.5662 0.7016 0.5323
HEK293T No enhancement 0.7839 0.4401 0.5637 0.5079
Random edge addition 0.7715 0.4342 0.5557 0.5013
Link-prediction-based addition 0.8064 0.4446 0.5732 0.5111
PCIPG-guided enhancement 0.8836 0.4529 0.5989 0.5174

https://doi.org/10.1371/journal.pcbi.1014698.t003
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https://doi.org/10.1371/journal.pcbi.1014698.9006

that its mean occurrence frequency in the target cluster equalled its mean frequency across all other clusters, whereas
the alternative hypothesis was that the protein occurred more frequently in the target cluster than elsewhere. Among the
five most significant hits—RNA15, CFT1, YSH1, YTH1 and FIP1—four (CFT1, YSH1, YTH1 and FIP1) are established
core subunits of Polyadenylation Factor |, whereas RNA15, although not annotated as a core component, resides within
the same module. KEGG/GO enrichment further indicated that all five proteins are involved in mMRNA surveillance and
pre-mRNA cleavage processes required for polyadenylation (Fig 8a), underscoring their coordinated roles. In another
predicted set (PRE2, PRE6, PRE8, PRE3 and RPNS5), four proteins (PRE2, PRE6, PRE8 and PRE3) are components of
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https://doi.org/10.1371/journal.pcbi.1014698.g007

the 20S proteasome core particle, and enrichment analysis linked all five proteins to proteasome storage granules and
proteolysis (Fig 8b).

We additionally reported all high-frequency proteins with confidence greater than 0.95. For the mitochondrial ribosomal
small subunit, PCIPG recovered 15 of 23 reference core proteins among 22 predicted candidates (Fig 8c). Notably, one
predicted protein, MRPS35—currently not classified as a core subunit—exhibited dense and functionally coherent interac-
tions with most established core proteins of the mitochondrial ribosomal small subunit (Fig 8d), nominating it as a promis-
ing candidate core component.

Together, these results indicate that PCIPG can recover known core subunits and nominate previously unrecognized
candidates, providing actionable hypotheses for experimental validation.

2.5 PCIPG identifies complexes implicated in essential biological processes

We next examined whether complexes recovered by PCIPG correspond to functionally specific assemblies implicated in
essential biological processes. One illustrative example is the TRAPP complex, a multi-subunit tethering complex that exists
in three forms—core TRAPP/TRAPPI, TRAPPII and TRAPPIIl—and functions in vesicle trafficking and membrane fusion.

All three share a conserved six-subunit core (Bet3, Bet5, Trs20, Trs23, Trs31 and Trs33), which constitutes the core TRAPP/
TRAPPI complex [26]. TRAPPII incorporates four additional subunits (Trs120, Trs130, Trs65 and Tca17), whereas TRAPPIII
contains the distinct subunit Trs85 [27]. In yeast, TRAPPII acts as a guanine nucleotide exchange factor (GEF) for Ypt31/32,
promoting the maturation of post-Golgi vesicles from cisternal precursors [28]. Structural studies further revealed that TRAP-
PII forms a three-layered rhomboid-shaped dimer, with two TRAPPI cores constituting the outer layers and TRAPPII-specific
subunits occupying the central layer [29]. In the absence of Ypt32, TRAPPII samples both “open” and “closed” conformations;
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https://doi.org/10.1371/journal.pcbi.1014698.9008

Ypt32 binding stabilizes the “closed” state, which creates a favourable environment for nucleotide exchange, with Trs120 play-
ing a central role. Specifically, two Trs120 domains (IgD1 and IgD3) contact Ypt32 to promote the required rearrangements
(Fig 9a), and interactions between Trs120 and the TRAPP core further enhance nucleotide release [30].

Using PCIPG, we identified a nine-subunit complex comprising Bet3, Bet5, Trs20, Trs23, Trs31, Trs33, Trs120, Trs130
and Trs65. All six TRAPP core components were recovered (Fig 9b). Moreover, PCIPG identified three of the four
TRAPPII-specific subunits, corresponding to a 75% recovery rate. Notably, the prediction includes Trs120, a key deter-
minant of functional divergence between TRAPP and TRAPPII (Fig 9¢) and an essential regulator of late-Golgi trafficking
[31]. Together, these results indicate that PCIPG can recover subunits of high functional significance within experimentally
characterized assemblies.
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with an important functional role. (d) Ctf18, Ctf8 and Dcc1 form an alternative PCNA loader together with RFC family subunits. (e) Schematic of PCNA
loading and DNA polymerase collaboration during DNA replication.

https://doi.org/10.1371/journal.pcbi.1014698.9009

A second example concerns the proliferating cell nuclear antigen (PCNA) loader. DNA polymerases—including
leading-strand Pole and lagging-strand Pold—depend on the PCNA sliding clamp to achieve high activity and processiv-
ity during replication. Because PCNA forms a closed ring, it must be transiently opened and reclosed around DNA by an
ATP-dependent clamp loader (Fig 9e). Classical studies established that replication factor C (RFC), a pentameric ATPase
composed of Rfc1-Rfc5, mediates this process on both leading and lagging strands [32,33].In Ctf18-RFC complex, Ctf18
subunit replaces Rfc1 of RFC complex. So the main ATPase module is formed by Ctf18-Rfc2—-5. Then, the Ctf18 subunit
C-terminal tail together with Dcc1 and Ctf8 form a separate module. Notably, recent structural and biochemical evidence
has confirmed that Ctf18-RFC specifically loads PCNA onto the leading strand [34] (Fig 9d), thereby validating our compu-
tational finding. Collectively, these case studies underscore PCIPG’s ability not only to recover canonical assemblies but
also to anticipate alternative architectures with specialized biological roles.

We further leveraged AlphaFold3 to model the structures of the predicted TRAPPII-like complex (Fig 10a) and the
Ctf—Rfc complex (Fig 10b), and assessed their structural plausibility using the IPTM+PTM confidence metric [35,36]. Both

Trs120

180° 0.99

180°
1.03

0 25 50 75 100
pLDDT score

Fig 10. AlphaFold3 structural models of representative PCIPG-predicted complexes. (a) Predicted structure of the TRAPPII-like complex contain-
ing Bet3, Bet5, Trs20, Trs23, Trs31, Trs33, Trs120, Trs130 and Trs65. (b) Predicted structure of the Ctf18-RFC complex containing Ctf18, Dcc1, Ctf8,
Rfc4 and Rfcb. In each panel, the rightmost structure is colored by pLDDT confidence score. The IPTM+PTM scores are shown to indicate the structural
confidence of the predicted assemblies.

https://doi.org/10.1371/journal.pcbi.1014698.g010
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assemblies received high scores (0.99 and 1.03, respectively), consistent with stable and biologically plausible complex
formation. Together, these analyses support that PCIPG recovers complexes that are not only functionally relevant but
also structurally coherent.

2.6 Core locus recognition module highlights residues associated with interfaces and conservation signatures

We assessed PCIPG’s ability to predict interfacial residues using experimentally resolved complexes 8EKI, 6YGD, 6VZG,
9GD4 and 5L52, which contain proteins from the Collins dataset. Complex 5L52 was additionally used as a representative
case for multi-protein assemblies. Two residues were considered in contact if the Euclidean distance between their cross-
chain C,, atoms was less than 8 A, and prediction performance was quantified by precision.

For binary protein—protein interactions, binding sites were inferred by applying Steiner-forest graph optimization
(Eq. 29) to the residue candidates selected by SAGE pooling (S5 Table). Compared with three established methods—
DeepPPISP [11], PGT [12] and HN-PPISP [13]—PCIPG achieved the highest precision on 75% of the tested targets
(Table 4). Representative examples include the YDR498C-YGL098W and YGR135W-YERO12W pairs (Fig 11a,11b).

For multi-protein assemblies, candidate interfacial residues were directly taken from the outputs of the SAGE pooling
layer (Eq. 12). For 5L52, PCIPG achieved precision exceeding 50% for YGL011C, YML092C, YGR135W and YMR314W,
highlighting its ability to capture interfacial determinants in multimeric contexts (Fig 11c). Collectively, these results indi-
cate that by integrating information across scales, PCIPG learns interaction dependencies spanning multiple proteins
during training, which may contribute to more accurate identification of protein—protein interfaces.

We also examined the extent to which residues highlighted by PCIPG as key—those retained by the final SAGE pool-
ing layer—are conserved across evolution. Using the Collins dataset, we computed residue-level conservation scores
from multiple sequence alignments (Eq. 31). After excluding proteins whose residues exhibited near-uniform conservation,
we compared key and non-key positions within each protein. As shown in Fig 11d—11f, key residues consistently display
higher conservation than non-key residues.

At the global level, a one-sided two-sample f-test confirmed significantly elevated conservation scores for key residues
(p = 8.2256 x 107*3). At the single-protein level, 43 proteins showed significant differences whereas 18 did not, indicating

Table 4. Comparison of interface-residue prediction precision (%) for PCIPG and baseline methods across representative protein complexes.

PDB ID Protein (Gene) PCIPG DeepPPISP PGT HN-PPISP
8EKI YDR498C 31.58 20.93 28.49 17.20
YGL098W 44.44 26.37 37.55 25.19
6YGD YPRO51W 53.33 17.25 40.82 32.54
YELO53C 12.68 11.04 5.07 7.85
6VZG YPRO34W 0.00 15.86 26.93 19.24
YGR275W 35.00 28.07 23.41 31.22
9GD4 YLR314C 25.00 12.01 22.38 16.08
YHR107C 20.00 15.78 14.07 13.25
5L52 YGLO11C 23.08 14.88 19.63 5.04
YML092C 22.22 19.51 13.49 8.81
5L52 YGR135W 8.70 24.33 21.03 34.90
YERO12W 26.09 5.59 18.32 17.23
5L52 YGR135W 7.69 20.04 3.71 11.62
YML092C 37.04 29.52 25.30 33.57
5L52 YGR135W 7.41 9.63 22.00 25.07
YER094C 19.23 12.44 15.08 8.90

https://doi.org/10.1371/journal.pcbi.1014698.t004
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that the trend holds broadly across the proteome (Fig 11d). A scatterplot of per-protein mean conservation scores revealed
a strong correlation (r=0.86) between key and non-key positions, with key residues systematically shifted upward
(Fig 11e). Moreover, the distribution of one-sided p-values was strongly skewed toward zero (Fig 11f), with a pronounced
enrichment of proteins in the low-value regime, suggesting that the conservation advantage is widespread rather than
driven by a small number of outliers.

Together, these results suggest that by integrating protein structural context with residue physicochemical properties,
the high-scoring residues selected by the SAGE pooling module capture evolutionarily constrained positions, consistent
with their potential functional importance and supporting the utility of SAGE for protein characterization.

2.7 Computational analysis of mutation-associated differences in the inferred CFTR interaction landscape

To further evaluate PCIPG’s ability to model how single-protein mutations reshape interaction networks, we applied it to
characterize mutation-specific interaction landscapes. We used a dataset from Ref. [22], which experimentally profiled the
protein—protein interaction (PPI) networks of the AF508 CFTR mutant and wild-type (WT) CFTR. The mutant and WT net-
works contain 951 and 759 interactions, respectively, with 511 edges shared between them (S4 Table). These interactions
include both direct and indirect CFTR partners.

We trained PCIPG using CFTR structures before and after mutation and adopted a confidence threshold of n = 0.95
to focus on high-confidence interactions. We first extracted the 511 interactions shared by WT and mutant networks and
treated them as mutation-stable edges. Using the WT CFTR structure together with these 511 stable interactions, PCIPG
inferred an additional set of 149 interactions that are absent from the shared set but present in the experimentally deter-
mined WT network (759 edges), demonstrating PCIPG’s ability to recover the wild-type CFTR interaction network. We
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then collected the 128 proteins involved in these 149 interactions and retrieved their interactions within the shared net-
work, combining them with the newly inferred edges to form an expanded WT interaction landscape.

As shown in Fig 12, black edges denote interactions from the shared (mutation-stable) set, whereas red edges indicate
interactions newly recovered by PCIPG. Notably, the 128 proteins exhibit distinct clustering patterns in the shared versus
WT-specific networks. In addition to preserving the core interaction backbone, PCIPG substantially recovers the wild-type
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interaction network, including peripheral and locally connected sub-networks, highlighting its ability to reconstruct fine-
grained interaction structure. Similarly, we used the mutant CFTR structure together with the 511 mutation-stable interac-
tions to infer the disease-state network. PCIPG recovered 309 additional interactions that were absent from the shared set
yet present in the experimentally determined mutant network (951 edges). The subnetwork induced by these 309 interac-
tions involved 232 proteins. We then examined the network of these proteins in the stable interaction set and combined it
with the newly recovered edges for comparison (Fig 13). PCIPG delineated an interaction landscape centered on mutant
CFTR, demonstrating its ability to recover the mutant-specific interaction network by leveraging mutation-induced struc-
tural changes to resolve differential interaction patterns relative to the WT state.

The inferred wild-type and mutant interaction sets differed, with an overall Jaccard-based difference of 0.112 under
the analysis defined in Eq. 35. This observation suggests that PCIPG can produce distinguishable interaction predictions
when supplied with different CFTR structural states. The agreement of subsets of these predictions with the experimen-
tally profiled networks supports their potential biological relevance.

3 Discussion

PCIPG provides a multi-scale perspective for protein complex identification by connecting residue-level structural
cues with interactome-level organization. Its contribution does not depend on claiming novelty for the individual graph-
learning modules. Instead, it lies in organizing these established components into a unified framework. Unlike conven-
tional PPI topology-based methods that mainly search for dense or cohesive subnetworks, PCIPG attempts to model
how physicochemical and structural properties of residues are integrated into protein representations, how these rep-
resentations propagate through the interaction network, and how protein-complex memberships can be inferred under
incomplete and noisy interaction evidence. This design has two implications. Methodologically, it suggests that protein
complex identification can benefit from explicitly coupling molecular-scale structural information with network-scale
graph learning. Biologically, it provides a route to generate more interpretable hypotheses, because predicted com-
plexes can be further examined in terms of core modules, interface-related residues, structural plausibility and
perturbation-associated interaction rewiring.

3.1 Zero-inflated Bernoulli-Exponential modeling captures protein interaction strength distributions

To assess the suitability of the proposed zero-inflated Bernoulli—-Exponential model for weighted PPI data, we fit the model
to two human interaction datasets with quantitative edge strengths, HCT116 and HEK293T. As shown in Fig 14, the (trans-
formed) exponential component closely matches the distribution of non-zero interaction strengths, whereas the Bernoulli
component naturally captures the excess zeros.

We further performed an ablation analysis by (i) using a Bernoulli-only model (the degenerate case of the Ber-
noulli—-Exponential formulation) and (ii) using cosine similarity between protein pairs in the predicted protein-complex
membership matrix as a proxy interaction score, and compared these variants with the full PCIPG model. As sum-
marized in Table 5, the zero-inflated Bernoulli-Exponential formulation yields the strongest complex identification
performance, supporting its effectiveness in coupling protein-complex membership patterns to observed interaction
strengths.

The empirical distribution analysis further supports the use of the zero-inflated Bernoulli-Exponential model. In HCT116
and HEK293T, the Bernoulli component naturally accounts for the excess zero entries in the PPI matrix, whereas the
transformed Exponential component captures the right-skewed distribution of non-zero interaction strengths. Moreover,
the ablation comparison shows that the full Bernoulli—-Exponential formulation outperforms both the Bernoulli-only variant
and the cosine-similarity reconstruction baseline, indicating that modeling both interaction occurrence and non-zero inter-
action strength provides a more informative reconstruction objective for protein complex identification.
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Table 5. Performance comparison of alternative protein—protein interaction network reconstruction strategies.

Approach Precision Recall F1-score Accuracy
HCT116 Cos-sim 0.7324 0.4507 0.5580 0.4318
PCIPG(only-Bou) 0.7676 0.4783 0.5894 0.4691
PCIPG 0.8436 0.5239 0.6464 0.4740
HEK293T Cos-sim 0.7295 0.3912 0.5093 0.4580
PCIPG(only-Bou) 0.7452 0.4104 0.5293 0.4467
PCIPG 0.7839 0.4401 0.5637 0.5079

https://doi.org/10.1371/journal.pcbi.1014698.t005

3.2 PCIPG maintains robust complex identification under network and structural perturbations

Although experimentally determined structures are available for only a subset of proteins, most lack high-confidence
resolved 3D conformations; consequently, structure-aware analyses often rely on in silico predictions. To examine whether
PCIPG depends critically on experimentally solved structures, we performed a control experiment in which native struc-
tures were replaced with AlphaFold-predicted models for all proteins across the five Saccharomyces cerevisiae datasets.
As shown in Table 6, this substitution leads to only marginal changes in PCIPG performance. These results suggest that
PCIPG is largely insensitive to the provenance and uncertainty of structural inputs, supporting its applicability in settings
where only predicted structures are available.

We assessed the robustness of PCIPG to perturbations in protein—protein interaction networks across five Saccharo-
myces cerevisiae datasets. Specifically, we randomly removed 5%, 10% or 20% of the true interaction edges and, inde-
pendently, added 5%, 10% or 20% false-positive edges by sampling protein pairs without known interactions. All other
training and inference settings, including hyperparameters, were kept identical. Performance was summarized by the F1
score and reported relative to the unperturbed network (Origin).

As shown in Table 7, PCIPG remains resilient to 5-20% random edge deletions or additions. In most settings, perfor-
mance changes relative to Origin are modest, and slight improvements are observed in roughly half of the perturbation
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Table 6. Performance comparison using predicted versus native structures on five Saccharomyces cerevisiae PPl networks.

Structure Precision Recall F1-score Accuracy
Biogrid Predicted 0.5631 0.8005 0.6611 0.5724
Native 0.5948 0.8155 0.6879 0.5880
Collins Predicted 0.7519 0.8840 0.8126 0.6437
Native 0.7799 0.8939 0.8330 0.6461
Dip Predicted 0.6125 0.7501 0.6744 0.5429
Native 0.6489 0.7440 0.6932 0.5776
Krogan-core Predicted 0.8386 0.7724 0.8041 0.6270
Native 0.8407 0.7969 0.8182 0.6585
Krogan14k Predicted 0.6904 0.7026 0.6964 0.6138
Native 0.7359 0.7139 0.7247 0.6155

https://doi.org/10.1371/journal.pcbi.1014698.t006

Table 7. F1 scores under random edge additions and deletions on five Saccharomyces cerevisiae PPl networks. Add, random insertion of

edges between non-interacting protein pairs; Del, random removal of true interaction edges.

Condition BioGRID Collins DIP Krogan14k Krogan-core
Origin 0.6706 0.8408 0.7121 0.7613 0.8045
Add 5% 0.5677 0.9004 0.7115 0.7404 0.8220
Add 10% 0.4675 0.8122 0.7254 0.6805 0.8038
Add 20% 0.3571 0.8480 0.7439 0.7192 0.8224
Del 5% 0.5737 0.9030 0.7134 0.7547 0.8469
Del 10% 0.5703 0.8974 0.6787 0.7319 0.8419
Del 20% 0.5609 0.8784 0.6313 0.7044 0.8210

https://doi.org/10.1371/journal.pcbi.1014698.t007

conditions (for example, on Collins and Krogan-core, and on DIP under edge additions of >10%). We suggest two contrib-
uting factors. First, PCIPG integrates residue physicochemical properties and structure-informed protein representations,
which may buffer the impact of spurious or missing edges on complex delineation. Second, mild random perturbations

can act as a form of noise regularization, reducing overfitting and promoting smoother, more coherent functional module

boundaries.

We compared PCIPG with four state-of-the-art protein complex identification methods. Under network perturbations
(Fig 15), ClusterONE and PCGAN are particularly sensitive, whereas the remaining approaches show comparatively
greater resilience. PC2P likely benefits from its non-parametric design, while AdaPPIl and PCIPG reduce reliance on any
single network topology by incorporating auxiliary signals, including sequence-, structure- and residue-level information.

Among these three methods, AdaPPI consistently achieves higher precision across datasets but exhibits relatively low
recall, consistent with a more conservative prediction regime. In contrast, PC2P maintains high recall but lower precision,
reflecting a broader “wide-net” strategy. PCIPG attains the highest recall on BioGRID, Collins and DIP, and ranks second
on Krogan14k and Krogan-core. In terms of precision, it ranks second on four datasets (Collins, DIP, Krogan14k and
Krogan-core). Overall, PCIPG achieves the top F1 score on Collins, DIP, Krogan14k and Krogan-core, and ranks second

on BioGRID, indicating strong performance when balancing precision and recall.

The robustness of PCIPG likely stems from the complementarity of its multi-level representations and constraints.
Residue physicochemistry and structural geometry provide informative priors on plausible complex boundaries, helping to
mitigate local connectivity biases introduced by topological noise. Moreover, cross-level fusion buffers the model against
distortions in any single evidence source, reducing performance variability. Together, the perturbation analyses suggest
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Fig 15. Robustness of protein complex identification methods to random edge perturbations across five Saccharomyces cerevisiae datasets.
Boxplots summarize Precision, Recall and F1 for AdaPPI, ClusterONE, PC2P, PCGAN and PCIPG under random edge additions and deletions.

https://doi.org/10.1371/journal.pcbi.1014698.g015

that PCIPG maintains a practically acceptable sensitivity to false negatives and false positives in real networks, while
delivering stable, leading performance across datasets and perturbation strengths.

3.3 Limitations and future work

Despite these advantages, PCIPG has several limitations. First, its performance depends on the quality and coverage
of input PPl networks and protein structural information. Experimentally derived interactomes remain incomplete and
may contain false-positive interactions, whereas predicted structures may contain local errors, especially in flexible
or disordered regions. Second, although the embedding-guided edge-completion step can mitigate missing interac-
tions, it may also introduce false-positive edges if embedding similarity reflects shared functional context rather than
direct physical association. Third, biological analyses such as GO enrichment, STRING-based network evidence,
AlphaFold-based structural modeling and interface-residue prediction support the plausibility of PCIPG predictions,
but they do not replace independent experimental validation. Therefore, newly predicted complexes, candidate

core subunits and interface residues should be regarded as testable hypotheses. Fourth, the multi-module design

of PCIPG introduces additional hyperparameters and computational cost compared with simpler topology-based
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methods. The biological case studies in this work should be interpreted as supportive and hypothesis-generating
analyses rather than definitive experimental validation. GO/STRING enrichment, AlphaFold-based structural modeling
and interface-residue prediction provide complementary evidence for the plausibility of PCIPG predictions, but they
do not establish newly predicted complexes, interactions or residue-level mechanisms as experimentally confirmed.
Therefore, candidate complexes, core subunits, putative interactions and predicted interface residues identified by
PCIPG should be regarded as testable hypotheses. Future work will focus on stricter inductive evaluation settings,
experimentally validated benchmarks, more scalable graph learning strategies and the incorporation of advanced pro-
tein language models or structure prediction confidence measures.

The computational profile of PCIPG reflects its two-level graph design. The residue-level encoder scales with the
total number of residues and residue contact edges, while the PPI-level GAT scales with the number of proteins and PPI
edges. In our benchmark datasets, these graph-based operations are tractable because residue graphs are processed
as sparse contact graphs and the PPI networks contain at most a few thousand proteins. The main scalability bottleneck
is the dense pairwise similarity calculation in the unsupervised reconstruction loss, which scales quadratically with the
number of proteins. For substantially larger interactomes, this step can be replaced by mini-batch negative sampling,
block-wise similarity computation or sparse candidate-pair reconstruction to reduce memory usage. These extensions
would allow PCIPG to scale to larger proteome-wide networks while preserving the residue-level and PPI-level modeling
strategy.

Future work may further enhance PCIPG by incorporating more advanced deep learning and graph learning strategies.
For example, recent multiview neural fusion methods for protein complex identification, such as FMvPCI [37], suggest that
heterogeneous biological evidence can be more flexibly integrated through neural fusion and fuzzy clustering. In addition,
link-based attributed graph clustering with approximate generative Bayesian learning [38] provides a relevant direction
for jointly modeling graph structure and node attributes under probabilistic assumptions. Incorporating these ideas into
PCIPG may further improve its ability to integrate multi-source biological information, handle incomplete interaction net-
works and infer more accurate protein-complex memberships.

4 Methods
4.1 Probabilistic graph model

We modeled residue characteristics, protein features, interaction relations, and complex membership relations within a
unified probabilistic graph framework (Fig 2). Assuming a protein pool comprising N proteins and C complexes, the corre-
spondence between proteins and complexes is encoded in a distribution matrix P € RV*C as:

p. = 1, if the j-th complex contains the i-th protein,
U 0, otherwise. (1)

Similarly, the pairwise interaction strengths between proteins are captured by a matrix S € RV<N:

S. = Sijs if Sij > 075,
y 0, otherwise, 2)

where s; denotes the interaction strength between protein i and protein j.
Protein-level features are encoded as Z = (Z', 7, --- , ZV)7, with the feature vector of the L;-th residue in the n-th pro-
tein given by:

= T
=@z 2) (3)
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where M denotes the number of physicochemical descriptors retained. The n-th protein representation Z" is obtained by
aggregating Z/,i=1,2,..., Lp:

Z" = f(Z0, g,...’ Zn) 4)

We then formalized the inference procedure within a probabilistic graphical model as follows:

P= fz(Z, S), (5)

S= f3(P), (6)

where L, is the number of residues in the n-th protein, and Eq. 6 is derived under Assumption 6.1 (S1 Text).

The data flow of PCIPG proceeds from residue-level representation learning to PPI-level graph propagation and finally
to protein—complex membership inference and network reconstruction. For the n-th protein, the feature vector of its L;-th
residue is denoted as Z] , and the residue descriptors are organized according to the intra-chain contact map. The SAGE
module implements £, by propagating information among spatially connected residues and aggregating residue-level fea-
tures into the protein-level representation Z". After all proteins are processed, the resulting protein representations form
the matrix Z = (Z', 22, -, ZN)". The GAT module then implements f, by taking Z and the PPI strength matrix S as inputs,
propagating information along the observed PPl network and producing the protein—complex membership matrix P. Each
element P; represents the association between protein i and complex j. Finally, the reconstruction component implements
f,, in which P is used to reconstruct the PPI strength matrix S under the zero-inflated Bernoulli-Exponential likelihood.
For clarity and reproducibility, the complete workflow of PCIPG is summarized in Algorithm 1. In this way, f, converts
residue-level structural and physicochemical information into protein representations, f, integrates these representations
with interaction-network context to infer protein—complex memberships, and f, couples the inferred memberships back to
the observed PPI evidence through network reconstruction.

Algorithm 1 Overall workflow of PCIPG

Require: Protein set containing N proteins; residue-level feature vectors {Zi}; intra-chain contact
maps; PPI strength matrix Se€ RYY; number of complexes C; edge-completion threshold 7; membership
cutoff 7.

Ensure: Protein-complex membership matrix P € RMX® and final predicted complex set C.

1: Residue-level representation learning

2: for each protein n=1,2, ..., N do

3: Organize residue-level feature vectors {Zi}f;l, defined in Eg. (3), according to the intra-
chain contact map.

4: Apply GraphSAGE propagation and nonlinear transformation to update residue representations,
as described in Eg. (7)-Eg. (9).

5: Compute residue importance scores using SAGPooling according to Eg. (10).

6: Select informative residues through the SAGE-SAGPooling update process in Eg. (11) and Eqg.
(12).

7: Aggregate the retained residues by Global Mean Pooling to obtain the protein-level representation

z", as defined in Eg. (13).

8: end for

9: Form the protein representation matrix Z= (2", 2%, ...,2"% 7T, consistent with Eg. (4)

10: PPI-level graph propagation and membership inference

11: Construct the PPI adjacency matrix from the PPI strength matrix S according to Eg. (14).

12: Use Z as the initial node-feature matrix of the PPI graph.

13: Compute attention coefficients between interacting proteins according to Eqg. (15).

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014698 September 3, 2026 27146




PLdS . Computational

" Biology

14: Propagate information along PPI edges and infer the protein-complex membership matrix
P=1(2,5),

as formulated in Eg. (5).

15: Probabilistic network reconstruction

16: Reconstruct the PPI strength matrix from the membership matrix through
S=r£3(P),

as formulated in Eg. (6).

17: Optimize PCIPG under the zero-inflated Bernoulli-Exponential reconstruction objective, as

defined in Eg. (26).

18: Embedding-guided edge completion

19: Compute cosine similarity between learned protein representations in the GAT embedding space.

20: Add candidate interactions whose similarity exceeds the threshold 7.

21: Retrain PCIPG using the completed PPI matrix when edge completion is applied.
22: Complex calling

23: Convert the final membership matrix P into discrete predicted complexes using cutoff 7, where
protein i is assigned to complex j if P;;>7.
24: Remove complexes smaller than the minimum size threshold and merge highly redundant complexes.

25: Return the final predicted complex set C.

Leveraging advances in graph neural networks (GNNs) for protein modeling [39,40], we implement f, using Graph-
SAGE, thereby capturing residue-level dependencies and structural topology. The mapping f, in Eq. 5 is framed as an
overlapping community detection problem [41,42], where Graph Attention Networks (GAT) are employed to propagate
information from protein features and interaction edges into complex membership assignments. Finally, for f,, we note
that elements in S are bounded in [0,1] and exhibit marked sparsity. To address this, we adopt a zero-inflated modeling
approach, applying a Bernoulli-transformed exponential distribution to capture both the discrete occurrence of interactions
and the continuous variation in their strengths.

This formulation provides a unified probabilistic representation that integrates residue-level descriptors, structural
embeddings, and interaction constraints, thereby enabling coherent inference of protein complexes.

To derive discrete complex predictions from the protein—complex membership matrix P, each column ¢ was treated as
a candidate complex seed, and proteins were ranked according to their membership scores P;;. Here, P ¢ RV*C, where
N denotes the number of proteins and C=2000 denotes the number of candidate complex factors. Instead of using a sin-
gle fixed complex size, we varied the top-Q selection size from Q=3 to Q=235 for each dataset. For each value of Q, the
top-Q proteins with the highest scores in the c-th column of P were selected to form a candidate complex C; o. Candidate
complexes generated over all columns and all values of Q were then pooled to form the protein complex set:

35 2000

Craw = U U CC,Q-

Q=3 c=1

This multi-Q extraction strategy was used to cover protein complexes with different subunit numbers, because protein
complexes in curated references vary substantially in size. We did not tune a dataset-specific value of Q; instead, the
same range Q = 3, ..., 35 was used for all benchmarks.

4.2 Datasets and comparing methods

4.2.1 Datasets. Considering data availability and dataset scale, we evaluated PCIPG on eight protein—protein
interaction (PPI) network benchmarks, comprising five widely used Saccharomyces cerevisiae networks (BioGRID [43],
Collins [44], DIP [45], Krogan-core [46], and Krogan14k [46]) and three recently published human networks (HCT116 [47],
HEK293T [47], and HuRI [48]). Following the evaluation protocol of AdaPPI, we constructed Saccharomyces cerevisiae
reference complexes by integrating curated modules containing at least 3 subunits from multiple public resources,
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including MIPS [49], CYC2008 [50], Aloy [51], SGD [52], and TAPO6 [22]. For human datasets, we used CORUM [53]—
currently the most comprehensive catalog of experimentally characterized mammalian protein complexes—as the gold-
standard reference set.

4.2.2 Comparing methods. Existing computational approaches for protein complex identification can be broadly
categorized into unsupervised and supervised paradigms, depending on whether curated “gold-standard” complex
annotations are used during model training.

Unsupervised methods do not require reference complex labels; instead, they infer putative complexes directly from
PPI network organization, typically by exploiting graph topology and attribute information. As classical dense-subgraph
baselines, we included MCODE [54], CMC [55], MCL [56], and ClusterONE [57]. Motivated by the core—attachment
organization of protein complexes proposed by Gavin et al. [22], we additionally compared COACH [24], which explic-
itly models core and accessory components. To reflect recent advances in machine learning for network-based com-
plex discovery, we further considered representative embedding/graph-learning approaches, including DPCMNE [58],
Protein-AGC [59], R-GMM-VGAE [60], splp [61], PC2P [8], and TADW-SC [62]. In addition, as functional and regulatory
resources have expanded with the maturation of Gene Ontology (GO) [63] and multi-omics technologies, integrative
methods that incorporate external biological knowledge have gained attention; accordingly, we included GANE [64] for
comparison.

Supervised methods leverage curated reference complexes as training labels and learn mappings from PPI network
structure (and associated features) to protein-complex membership, enabling the prediction of novel complexes. For this
category, we compared against state-of-the-art deep learning methods PCGAN [65], AdaPPI [9], and HGC [10].

4.3 Data preprocessing

To construct a standardized feature dataset for subsequent modeling, we developed a unified preprocessing pipeline
integrating sequence retrieval, structural acquisition, residue-level feature extraction, and contact map construction. All
procedures were automated via shell and Python scripts to ensure reproducibility.

First, given a protein—protein interaction (PPI) network file, we extracted the set of proteins and queried the RCSB Pro-
tein Data Bank (PDB) through the rcsbsearchapi interface. For each protein, the pipeline retrieved experimentally deter-
mined PDB files containing the protein and corresponding FASTA sequences. Redundant downloads were automatically
removed, and protein identifiers were stored in a standardized text file.

Second, for proteins with available experimental structures, the pipeline parsed SOURCE and COMPND records to
map genes to chains and extracted the relevant monomeric chains. Proteins without suitable experimental entries were
flagged for further processing.

Third, to fill gaps in experimental coverage, the pipeline queried the UniProt ID mapping APl and downloaded predicted
structures from the AlphaFold Protein Structure Database. Proteins already represented in the natural structure subset
were filtered out, and all remaining AlphaFold-predicted structures were parsed using the same processing procedures as
above.

Fourth, residue-level physicochemical features were calculated using RDKit, including molecular weight, polar surface
area (TPSA), hydrophobicity (LogP), hydrogen-bond donor/acceptor counts, aromaticity, and rotatable bonds. To address
unknown residues (UNK), we constructed surrogate descriptors by averaging across all canonical amino acids, thereby
ensuring numerical completeness of the feature space. Extracted features were stored in tab-delimited text files for each
protein.

Finally, we constructed contact maps for both experimental and AlphaFold-predicted structures by computing inter-
residue Euclidean distances at the C,, level. A threshold of 8A was applied to define residue—residue contacts, following
common practice in structural bioinformatics. These contact maps provide topological information for downstream graph-
based modeling.
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Collectively, this pipeline yields a consistent multi-source dataset comprising sequence files, monomeric structures,
residue-level descriptors, and structural contact maps. This systematic preprocessing ensures that subsequent analyses
are performed on harmonized and biologically meaningful representations of protein structure and interaction.

4.4 Structural feature extraction

In this step, we represent each protein as a graph in which nodes correspond to amino acid residues. Pairwise distances
between residues are computed, with the relative distance between residues i and j denoted as d(i,j). A threshold 8A is
then applied to define the connectivity matrix A:

C_ 1, ifdiij) < 8A
10, otherwise. @)

Residue features are propagated through the network using the Graph Sample and AggreGatE (GraphSAGE) algorithm
[66], which updates node representations by sampling and aggregating features from local neighborhoods. The update
rule for the L;-th residue node at layer k is:

f(k) _ k=1 fk=1) \;
ZW =4 (Wf(") - MEAN ({Zﬁ Yoz vje N(/)})) , -
where WX is the k-th layer weight matrix, N(i) denotes the set of neighboring residues of L;-th residue by Eq. 7, and o()
is a nonlinear activation.
To enhance representational capacity, we introduce a linear transformation and normalization between GraphSAGE
layers, yielding the following refinement:

Z\¥ = Batchnorm(ReLU(W") - Z{¥ + b)). (9)

This design enables the model to capture residue-level topological dependencies while maintaining stability and expres-
siveness during feature propagation.

4.5 Core locus recognition

To capture the dynamic influence of residue-level variations (e.g., mutations) on protein structures, we introduced a
Self-Attention Graph Pooling (SAGPooling) module [67] built on GraphSAGE. SAGPooling identifies the most informative
amino acid nodes through a top-K sampling strategy. Given a protein represented as 2" = (Z4, Z3, ..., Zﬂn)T, the importance
score of each residue node Z] is computed as:

G= U(D_%AD_%ZnWaﬁ), (10)

where A=A+ is the augmented adjacency matrix, D is the corresponding degree matrix, Z" € Rt is the residue fea-
ture matrix, Way € Rb*" is a learnable scoring vector, and G € R-*" contains node scores. The SAGPooling ratio Foool
denotes the proportion of residue nodes retained after pooling. In our implementation, the residue-level encoder contains
three SAGPooling layers, and each layer retains 50% of the residue nodes, namely ryoo = 0.5.

The residue-level update process thus integrates GraphSAGE propagation and SAGPooling selection:

Z"L,(,»IO = SAGE(ZI.LKI,H)L (11)
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Z" = SAGPooling(Z}"), (12)

where ify) is the output feature of the k-th layer for i-th protein. Finally, the remaining nodes are aggregated by Global
Mean Pooling to obtain a compact protein-level representation:

’
7N = 1r Z an.,
= (13)

where ZQJ,1 ,ijz, -, £, denote the retained residues after the last pooling step.

4.6 Interaction network graph learning

Building on these protein-level embeddings, we next modeled the global protein—protein interaction (PPI) network. We
constructed an undirected graph where each node corresponds to a protein and edges denote experimentally verified
interactions. The adjacency matrix A is defined as:

i >
A,-,-={1 if ;> 0,

0 otherwise. (14)

To propagate information across the PPl graph, we applied Graph Attention Networks (GAT) [68]. Attention coefficients are
computed as:

exp(LeakyReLU(a[WZ'|WZ1))

Qjj =

(15)

where W is a learnable transformation, a denotes a single-layer feedforward network, Ai is the neighborhood of protein J,
and | indicates concatenation. Node embeddings are then updated as:

Z=¢ (Z a,-jWZj) .
JEN; (16)

To improve robustness and generalization, we employed a multi-head attention mechanism, where H independent heads
generate complementary attention weights. The final output embedding is given by:

H
Z=0 <I1-I Z Z OékijWij) :

k=1 jEN; (17)
where oy and Wy denote the attention coefficients and transformation matrix of the k-th head.
In summary, each GAT block computes by Eq. 17:
Zlow = GAT( Z"g(k—n), (18)

followed by linear transformation and normalization to stabilize training:
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Zaw = BatchNorm(ReLU(W9®) . Ziaw + p)). (19)

Together, this hierarchical framework integrates residue-level pooling and network-level attention, enabling the model to
capture both fine-grained structural determinants and global interaction dependencies.

4.7 Network enhancement learning

We introduced a network enhancement step based on similarity-driven edge completion and retraining. After the first-
stage training, protein embeddings Z' were obtained from the GAT-based representation module, which integrates
residue-level structural information and PPI-level interaction context. We then constructed a cosine similarity matrix D,
where each element is defined as

zZ.7z

Dj= %
P22 11212

with the numerator denoting the dot product of two protein embeddings and the denominator normalizing their
magnitudes.

The similarity threshold n was determined from the distribution of D; values for experimentally validated interactions in
the observed PPI network. In the main setting, we used the median value, corresponding to the 0.5 quantile, as the default
threshold. Candidate edges were considered only for protein pairs without an observed edge in the original PPl network.
On this basis, we derived an enhanced adjacency matrix A by recovering potential false-negative edges as follows:

. _[1, ifA;=10r(Aj=0and D; =),
10, otherwise.

Thus, all originally observed PPl edges were retained, and only high-similarity unobserved pairs were added as putative
missing interactions.

The model was then retrained on the enhanced network A using the same model architecture and reconstruction
objective, ensuring that the learned embeddings aligned more closely with the enhanced interaction evidence. Importantly,
the network enhancement step used only the observed PPI network and the learned embeddings from the first-stage
model. No test complex labels or reference-complex annotations were used to determine which candidate edges were
added. Finally, the protein—complex membership matrix P was obtained through the membership prediction module, yield-
ing the final clustering results.

4.8 Training strategy

Scaling the model to large datasets introduces considerable computational challenges. Conventional training employs
FP32 (single precision) arithmetic, which guarantees stable convergence but demands substantial GPU memory. On

a single Quadro RTX 6000 GPU with 24 GB memory, this becomes limiting. To overcome this, we adopted a mixed-
precision strategy, storing dynamic memory components—activations, gradients, and intermediate variables—in FP16
(half precision), while maintaining a master copy of model weights in FP32 for stable updates. This design reduces overall
memory usage by nearly half relative to full FP32 training, enabling efficient large-scale optimization.

A key difficulty of FP16 training is its restricted dynamic range: small gradients may underflow and disrupt convergence.
To address this, we incorporated loss scaling. In the scale-up phase, the loss (ALoss) is multiplied by 2'¢ before back-
propagation, and in the scale-down phase, gradients are divided by 2'® and restored to FP32 before parameter updates.
This stabilizes training while retaining the efficiency of FP16 arithmetic.

In practice, the initial learning rate was set to 0.001 and reduced by a decay factor v every 100 epochs. After 2000 epochs
of mixed-precision training with loss scaling, the model consistently converged, validating the robustness of this strategy.
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4.9 Zero-inflated Bernoulli-Exponential modeling for protein—protein interactions

The motivation for using a zero-inflated Bernoulli-Exponential formulation comes from two characteristics of PPl edge-
weight data. First, PPl networks are highly sparse: most protein pairs have no recorded interaction, either because they
do not physically or functionally interact under the measured condition or because the interaction remains undetected.
Thus, the PPI strength matrix contains an excess of zero entries. Second, for protein pairs with observed interactions, the
corresponding confidence scores or interaction strengths are non-negative and typically display a right-skewed distribu-
tion. A purely binary Bernoulli model can describe whether an interaction is present, but it discards quantitative variation
among non-zero edge weights. Conversely, a purely continuous model does not explicitly account for the large number of
zero entries. We therefore use a Bernoulli component to model interaction occurrence and an Exponential component to
model the non-zero interaction strength conditional on occurrence. This formulation allows PCIPG to distinguish whether
an interaction is likely to exist from how strong the observed interaction evidence is, thereby providing a probabilistic
reconstruction signal that is suitable for sparse and weighted PPI networks.

High-throughput PPI datasets typically report binarized interactions, either by directly labeling the presence or absence
of an interaction or by imposing a confidence threshold below which interactions are considered unreliable [47,48]. To
accommodate this property, we employed a zero-inflated model that explicitly accounts for the prevalence of non-
interacting pairs. Specifically, a Bernoulli component distinguishes whether an interaction occurs, while a transformed
exponential distribution describes the interaction strength when present:

S|P=T-g(Y), (20)
where
T ~ Bernoulli(p), Y ~ ExXp()). 1)
The transformation function
(Y) = L
9N =iy (22)

was found to provide a better fit to empirical distributions compared with alternative formulations. Following Assumption
6.1 (S1 Text), the Bernoulli probability p and exponential rate A are parameterized by the protein—complex membership
matrix P as:

p=1-—exp(-P.P]), A=P.P, (23)

where P; denotes the i-th row vector of P. We define the set of observed interaction edges as:
E={(i./)| Sj> 0} (24)

The likelihood of observing S given P can thus be expressed as:

N

p(S|P) =] r(SiIP)
ij=1
i<j

oy B n1 PPl (-prli-s)
= II ew-rPD T [1-exp-PiP])] 5t exp( 52 ).
i,j=1 ij=1 y

i<j(ij)¢E i<j(ij)eE (25)
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We recover the interaction matrix S from the protein-complex membership matrix P by maximizing the log-likelihood.
Accordingly, the loss function is defined as:

=—logp(S|P)
N N 1-S;)P.PT
= Y PP[- Y log[1-exp(-P;P])| ~log(P:P]) +log S} + (s#
= - i
<D eE i< eE (26)

This zero-inflated exponential formulation allows the model to simultaneously capture the sparsity of PPl networks and the
graded strength of observed interactions, providing a statistically principled basis for reconstructing S from latent
protein-complex memberships.

4.10 Residue importance computation

The conservation of amino acids in proteins arises from comparative analyses of homologous sequences. In multiple
sequence alignments, certain residues remain invariant across divergent species or paralogous proteins over evolution-
ary timescales. These conserved positions are typically located at functionally essential binding sites or within structural
cores, reflecting their critical roles in maintaining protein stability and activity [69]. Strong evolutionary selection pressure
renders these sites more representative of the intrinsic characteristics of proteins than regions with greater variability,
underscoring their importance in protein complex recognition [70].

After three GraphSAGE modules, amino acid nodes retained by the pooling layer are passed into GAT to incorporate
interaction network information. During training, residues with positive self-attention scores are expected to serve as
representative sites—both capturing protein-specific features for interaction learning and exhibiting a high likelihood of
occupying interfacial positions. We therefore examined the ability of such key residues to function as binding sites and
evolutionary conservation sites.

4.10.1 Binding site prediction. We formulate the identification of interfacial residues as an optimization problem on a
bipartite residue—residue graph. Let

Go = (So, No) (27)

denote the optimal subgraph of the bipartite graph

Gp = (Sp, Nb), (28)

where vertices correspond to residues and edge weights represent intra-chain distances. The objective is defined as:

mians+aZWn+B-h,

s€S, néN, (29)

where c¢; is the distance-based edge weight, w;, is the residue-level attention score assigned by Eq. 12, and h is the
number of disconnected components. Intuitively, this formulation selects spatially proximal residues with high impor-
tance scores as interaction interfaces, while minimizing the number of disconnected interface regions. As this problem
is NP-hard [71], we adopted a Steiner Forest graph optimization strategy, implemented using the PCSF R package [72],
which introduces an auxiliary vertex to ensure graph connectivity.

Because PCSF was originally designed for biological networks with edge weights in the range [0,1] [73,74], amino acid
distances were normalized using a max—min transformation:
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C. = ds - dmin
s Omax — dmin (30)

where ds denotes the distance between two residues connected by edge s. Parameters were setto a =1 and =8 in
Eq. 29.

4.10.2 Conservation site prediction. To evaluate evolutionary conservation, we generated all protein pairs in the
Collins dataset and queried the RCSB PDB for complexes containing each pair. For proteins present in complexes, amino
acid sequences of target chains were extracted and homologous sequences were retrieved using BLASTP searches
[75] against the NCBI non-redundant (nr) database. Homologs were aligned with Clustal Omega [76], and residue-level
conservation scores (CS) were computed as:

CS=1- Nunique
Neotal (31)

where Nunique denotes the number of distinct amino acids at a given alignment column and N__, is the total number of

aligned sequences.
To assess statistical significance, a paired t-test with unequal variance was applied at the protein level:

Ho @ pio =1,  Hi:po >, (32)

where 19 and 4 represent the mean conservation scores of key and non-key residues, respectively. Only proteins with at
least two residues in each category were considered. Finally, conservation scores across all proteins were pooled, and a
global one-tailed two-sample f-test (p<0.05) was conducted to determine whether key residues exhibit significantly higher
conservation than non-key residues.

4.11 Module and core component analysis in protein complexes

4.11.1 Module analysis. As a downstream analysis of the protein-complex membership matrix P, module detection
seeks to group proteins that share similar community assignments. Proteins assigned to the same module are expected to
share similar binary labels indicating co-membership within a complex, and thus exhibit comparable values in the protein-
complex membership matrix. Accordingly, we used the protein-complex membership matrix P, derived from GAT-based
protein embeddings, as the sample—feature matrix for hierarchical clustering of proteins into modules.

For performance evaluation, in addition to standard complex identification metrics, we employed normalized mutual
information (NMI), one of the most widely used external measures of clustering quality, defined in Eq. 44.

4.11.2 Core component analysis. As another downstream application of the protein-complex membership matrix
P, we performed core component analysis to identify proteins that stabilize each module. To this end, we first grouped
predicted complexes into clusters based on subunit overlap, thereby capturing sets of highly similar complexes that mimic
“isoforms”. Within each cluster, proteins with high recurrence frequencies were designated as candidate core components.

The degree of a protein was defined as the number of complexes in which it appeared, whereas the degree of a com-
plex was defined as the sum of the degrees of all its constituent proteins. We initially ranked all predicted complexes by
degree and selected the top o as the preliminary core set. Thereafter, for each complex in the core set, we merged those
complexes whose overlap score with it exceeded the threshold 0.25, as described in [4]. The overlap score was calculated
as:

|AN B

Overlap(A,B) = ——,
PAB) = LB (33)
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where A and B denote two protein complexes.

Finally, to pinpoint core proteins within each cluster, we performed statistical enrichment analysis. Specifically, for each
protein, a t-test compared its frequency of occurrence within a given cluster against its frequency across all other clusters.
The null hypothesis assumed equal mean occurrence, whereas the alternative hypothesis posited significant enrichment
within the focal cluster. Proteins exhibiting significantly higher recurrence in a given cluster were designated as the core
components of that cluster.

4.12 Protein mutation identification

To further assess the capacity of PCIPG in modeling the impact of single-protein mutations on interaction networks, we
applied it to the identification of mutation-specific interaction landscapes. The dataset was obtained from reference [22],
which experimentally determined the protein—protein interaction (PPI) networks of the AF508 CFTR mutant and the wild-
type (WT) CFTR. The mutant and WT networks comprise 951 and 759 interactions, respectively, with 511 shared edges
between them. These interactions encompass both direct and indirect partners of CFTR.

Using the 511 overlapping interactions as a common reference, we trained the model independently on the WT and
mutant CFTR networks and performed interaction inference with quantile thresholds . The Jaccard similarity coefficient
defined as:

|Pred N Truth|

J d= ——————.
acear |Pred U Truth| (34)

More specifically, we jointly account for both WT and mutant networks:

_ |Dpn N Dyl | |Dpg N Dyl |1Dpn N Dyl |Dpg N Dl
AJaccard - + - - ’
|Dph U Dhl |Dpd U Ddl IDph U Ddl |Dpd U Dhl (35)

where D,y and Dpy denote the interaction networks predicted by models trained on the WT and mutant structures, respec-
tively, while Dy and D4 correspond to the experimentally observed WT and mutant networks.

This procedure enabled systematic evaluation of how well the model captured mutation-induced rewiring of protein
interaction landscapes, providing a principled basis for identifying mutation-specific perturbations in the PPl network.

4.13 GO semantic similarity calculation

To evaluate the functional coherence of predicted protein complexes, we collected Gene Ontology (GO) annotations for
the corresponding gene sets and assessed their semantic similarity across the three GO domains: Biological Process
(BP), Molecular Function (MF), and Cellular Component (CC). Genes with higher semantic similarity are more likely to
participate in related biological processes, and their encoded proteins are correspondingly more likely to assemble into
functional complexes.

Semantic similarity scores between all gene pairs were computed using the GOSemSim package [77]. For a set of Ng
genes, we constructed a score matrix SC, where each entry SC;; represents the semantic similarity score between gene /
and gene j. The overall semantic similarity of a gene set was quantified by the normalized Frobenius norm:

N,
_ISClle _ Vi1 SC

Score ,
0" "Ne N (36)

where ||SC||r denotes the Frobenius norm of the score matrix.
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To provide a reference baseline, random complex datasets were generated following the experimental protocols of Qi
et al. [18] and Wang et al. [19]. Specifically, nodes were randomly sampled from the PPI network to construct synthetic
complexes, while enforcing that their size distribution followed the power-law pattern observed in curated gold-standard
complexes. The ratio of random to gold-standard complexes was fixed at 5:1 to ensure sufficient contrast.

In addition, to provide a more stringent control, we generated size- and degree-matched random protein sets. For each
evaluated complex C, we generated a random set R with |R|=|C]|. Let d(v) denote the degree of protein v in the corre-
sponding PPI network. Proteins were grouped into degree bins according to their PPl degrees. For each protein v e C, a
replacement protein u was randomly sampled from the same degree bin as v. If no candidate protein was available in the
same bin, sampling was performed from the nearest non-empty degree bin. Duplicate proteins within the same random
set were not allowed. This procedure preserves the complex-size distribution and approximates the degree distribution
of the original complexes. GO semantic similarity scores were then computed for these matched random sets using the
same GOSemSim-based procedure as for curated and PCIPG-predicted complexes.

4.14 Computational complexity analysis

We further analyzed the computational complexity of PCIPG. Let N denote the number of proteins, C the number of com-
plexes, L, the number of residues in the n-th protein, M the number of residue descriptors, d the hidden dimension, E the
number of non-zero entries in the PPI strength matrix S, and E[?® the number of residue-contact edges in the intra-chain
contact map of the n-th protein. In the residue-level representation learning step, the SAGE module implements £, by prop-
agating information on residue-contact graphs. Its time complexity is approximately

N
@ (Z E;eSd> :
n=1

where the dominant cost comes from message passing among spatially connected residues. The initial transformation of
residue descriptors contributes

0 (,,z:: L,,Md) .

After residue-level aggregation, the protein representations form Z = (Z', 72, ..., ZV)T.
In the PPI-level graph propagation step, the GAT module implements 7, using Z and the PPI strength matrix S. Since
message passing is performed along the non-zero PPI entries, the computational cost is approximately

O(Ea),

or O(E H d) when H attention heads are used. The MLP decoder that maps protein representations to the protein—com-
plex membership matrix P € RV*C requires

O(NCd)

operations.

The reconstruction component implements f,, which reconstructs the PPI strength matrix S from the membership matrix
P under the zero-inflated Bernoulli-Exponential likelihood. If the reconstruction loss is evaluated on observed PPI entries
and sampled unobserved pairs, its complexity is
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O((E+E)QC),

where E- denotes the number of sampled unobserved protein pairs. If all protein pairs are used, the corresponding cost
becomes O(N?°).

For embedding-guided edge completion, exhaustive cosine-similarity calculation between all protein representations
requires

O(N?d).

This term is only required when edge completion is applied and can be reduced by restricting candidate pairs or using
approximate nearest-neighbor search. Finally, converting the membership matrix P into discrete predicted complexes
requires

O(NC).

Therefore, when sampled unobserved pairs are used for reconstruction, the overall time complexity of PCIPG can be
summarized as

N N
o} (Z LoMd+> " Ef°d+ EHd+ NCd + (E+E")C + N2d> ,
n=1

n=1

where the N2d term corresponds to the optional exhaustive edge-completion step. Without edge completion, this term is
omitted. The main memory cost arises from storing residue-level representations, residue-contact maps, the PPI strength
matrix S, protein representations Z, and the membership matrix P, giving an approximate space complexity of

N N
o) <ZL,,d+ZE;eS+E+Nd+NC> :

n=1 n=1

4.15 Hyperparameter settings and tuning protocol

To improve reproducibility, we summarize the key hyperparameters and their tested ranges in Table 8. PCIPG was trained
without curated protein-complex labels in its reconstruction objective; the loss function depended only on residue-level
features, protein structural information, and the observed PPI network. However, no independent labeled validation set
was used for model selection. BioGRID was designated as a single development dataset for performance-informed archi-
tecture and residue-feature selection. The numbers of SAGE and GAT modules, hidden dimension, learning rate, dropout
rate, SAGPooling ratio, and residue-feature composition were examined on BioGRID using protein-complex identification
metrics, training stability, computational efficiency, and biological interpretability. Thus, although BioGRID complex anno-
tations were not used for gradient-based optimization, their evaluation metrics were consulted when selecting among
candidate configurations.

After the development-stage configuration was finalized, the same architecture, residue representation, and training
settings were fixed and applied to Collins, DIP, Krogan-core, Krogan14k, HCT116, HEK293T, and HuRI without further
architecture- or feature-level tuning against their reference complexes. Consequently, BioGRID results are reported
as development-dataset performance, whereas the remaining datasets provide cross-dataset evaluation of the fixed
configuration.
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Table 8. Key hyperparameters and design choices of PCIPG.

Hyperparameter Default value Tested range Selection rationale

Number of SAGE modules 3 {1,2,3,4} Selected based on model performance.

Number of GAT modules 3 {1,2,3,4} Selected based on model performance for PPI-level graph
propagation.

Hidden dimension 512 {256,512,768} Chosen to balance representation capacity and computational
cost.

Learning rate 0.001 {0.1,0.01,0.001} Selected according to model performance.

Dropout rate 0.5 {0.2,0.5,0.7} Used for regularization and selected based on model
performance.

SAGPooling ratio 0.5 {0.2,0.5,0.7} Selected to retain informative residues while reducing noisy
residue-level features.

Contact-map threshold 8A — Chosen based on common structural-contact definitions.

Residue descriptor groups

Six groups retained

Seven groups tested

Selected based on residue-feature ablation; the
electronic-property group was removed due to redundancy.

High-confidence edge threshold | 0.95 {0.90,0.93,0.95,0.97} Selected based on edge-completion sensitivity analysis to

n avoid excessive graph densification.

Membership cutoff Q 3-35 - Used to convert the membership matrix P into discrete
complexes.

Overlap threshold m 0.3 - Used for redundancy pruning and module/core grouping;

selected based on benchmark conventions.

https://doi.org/10.1371/journal.pcbi.1014698.t008

Post-processing parameters were not optimized independently for each benchmark. For complex generation, the same
predefined range Q = 3, ..., 35 was applied to every dataset, and candidate complexes generated across all values of Q
were pooled. The normalized-association threshold used for evaluation and the overlap criterion used for redundancy
removal followed established protein-complex benchmark conventions. The edge-completion threshold n was evaluated
through sensitivity analyses on the three human datasets themselves; accordingly, edge-completed results are presented
as secondary within-dataset analyses, whereas results from the original PPI networks constitute the primary human

benchmark comparisons.

4.16 Evaluation indices for protein complex identification

To comprehensively assess the accuracy of protein complex identification, we adopted the evaluation framework used

in AdaPPI [9], employing Precision, Recall, ACC, and F1 as primary metrics. For each predicted complex and reference
complex, we computed the normalized association score to quantify their overlap. A predicted complex was considered to
match a reference complex when the normalized association exceeded the predefined threshold. Precision, Recall and
F1-score were calculated based on the matched predicted and reference complexes, while ACC was computed from PPV
and sensitivity following the standard evaluation protocol for protein complex identification. Their definitions are given in

Eqgs. 37-43.

The positive predictive value (PPV) is defined as:

Pe Be

PPV = Z|'=1| max1.=1| Tj
P, '

Zl-=1| N; (37)
where P; and B, denote the sets of predicted and reference complexes, respectively; | - | represents set cardinality; N; is
the number of proteins in predicted complex j; and Tj is the number of shared proteins between predicted complex j and
reference complex i.
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The accuracy index ACC is derived from PPV and sensitivity (Sn) as:

ACC =+vSn x PPV, (38)

where sensitivity is defined as:

B Pe
oo SEimaxfi T,
i My (39)
with M; denoting the number of proteins in reference complex i.
To further evaluate prediction quality, we employed pairwise matching criteria based on normalized association (NA).
Specifically:

{p € Pc | 3b € B¢, NA(p, b) = p}]

Precision =
|Pel (40)
>
Recall = Kb € B: | 3p € P;, NA(p, b) > p}|’
|Bcl (41)
F1= 2 x Precision x Recall
Precision + Recall ’ (42)
where p is set to 0.25 following Hu et al. [4]. The normalized association is given by:
V, N Vp|?
NA(p, b) = 112V

[Vl x | Vil (43)

with V), and V,, representing the sets of subunits in complexes p and b, respectively.

In addition, we used Normalized Mutual Information (NMI) to assess clustering quality in module identification. Let
T ={T1, 72, ..., T} be the ground-truth partition and C = {C4, Cs, ..., C,} be the clustered partition, with t and p denoting the
numbers of true and predicted clusters, respectively. NMI is defined as:

232;njlog 37!
. b;’
_Z,a,-log%—zjbjlog;f (44)

NMI(C, T) =

where n; = |TiNCjl, a; = |Ti|, b; = |Cj|, and n is the total number of proteins. NMI values range from 0 to 1, with 1 indicating
perfect agreement between predicted and reference partitions.

4.17 Filtering high-confidence predicted complexes

To ensure the reliability of predicted protein complexes, we introduced the internal connectivity ratio as a quantitative qual-
ity metric. This index measures the cohesiveness of a protein set within the protein—protein interaction (PPI) network. For
a given protein set P, the internal connection count is defined as the number of edges in the PPI network whose endpoints
both lie in P. The internal connectivity ratio R is then calculated as the proportion of observed internal connections relative
to the theoretical maximum for the set.
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Formally, for a set P with m,, proteins, the maximum number of possible internal edges is (’gp) If the actual number of
internal edges is denoted as L, the internal connectivity ratio R is defined as:
L

R= .
() (45)

This metric provides a direct indicator of structural compactness, with higher values reflecting stronger internal associ-
ations within the predicted complex. To minimize false positives, we applied adaptive post-filtering criteria according to
complex size. For trimers and tetramers, only those with R > 1 were retained, thereby enforcing strict internal cohesion
for small assemblies. For complexes with five or more subunits, a relaxed threshold of R > 0.2 was adopted, acknowl-
edging that larger assemblies may exhibit lower absolute densities of connections while still maintaining biological
plausibility.

For each benchmark dataset, we recorded the number of candidate complexes extracted from the learned protein—
complex membership matrix before internal-network filtering, denoted by Neyract- Each extracted candidate was then
evaluated using the internal connectivity ratio defined in Eq. 45. Candidates that did not satisfy the size-dependent
internal-connectivity criterion were removed, and all candidates that passed the criterion were retained as the final pre-
dicted complex set used for benchmark evaluation. We denote the number of retained predictions by Nyetain. The number
removed during this post-processing stage is therefore Nextract — Nyetain- NO gold-standard annotation was used to deter-
mine which candidates were retained. Detailed information can be found in Table 9.

Comparable pre-filtering candidate counts could not be reconstructed for every baseline method because several implemen-
tations provide only their final predicted complex sets. We therefore do not claim a direct stage-wise comparison of
candidate-pool sizes across all methods. However, all retained PCIPG complexes are included in the calculation of Precision,
Recall, F1 and ACC, and the reported value of N, provides the complete size of the PCIPG prediction set used for evaluation.

5 Conclusion

In this study, we developed PCIPG to integrate structural and biochemical information with network context for protein
complex identification within a unified probabilistic framework. By explicitly linking residue-level representations to protein
embeddings and complex membership, and by reconstructing interaction strengths through a zero-inflated Bernoulli—
Exponential model, PCIPG offers a principled way to couple complex co-membership with the PPI network.

Methodologically, PCIPG leverages intra-chain contact-map message passing and pooling to highlight interaction-
relevant residues, while graph attention over the PPI network integrates global interaction context and yields a probabilis-
tic protein-complex membership matrix for protein complex identification.

Table 9. Stage-wise statistics for converting the protein-complex membership matrix into discrete predicted complexes.

Dataset Raw Complexes Filtered Complexes Matched Gold-standard complexes
BioGRID 49694 36577 775

Collins 52559 30638 311

DIP 60710 14000 586

Krogan-core 59411 19033 325

Krogan14k 59162 23460 381

HCT116 58805 6327 355

HEK293T 57986 14341 1477

HuRI 19193 324 260

https://doi.org/10.1371/journal.pcbi.1014698.t009
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Experiments showed PCIPG delivers strong performance on widely used Saccharomyces cerevisiae benchmarks, and
its interpretability is supported by the enrichment of high-scoring residues at binding interfaces and by case evidence that
the inferred interaction landscape responds to perturbations such as CFTR mutation.

In human interactomes—where incompleteness is more severe—embedding-driven edge completion based on cosine
similarity increases network connectivity and consistently improves complex identification results. Functional evaluation
further indicates that complexes predicted after edge completion exhibit higher GO semantic coherence.

Overall, PCIPG advances protein complex identification by bridging residue-scale signals and interactome-scale structure,
while providing an interpretable route to prioritize interface residues and refine predictions under incomplete interaction data.

Supporting information

S1 Table. Dataset statistics and edge-completion sensitivity analysis. This table summarizes the basic statistics

of the protein—protein interaction datasets used in this study, including the number of proteins, interactions, reference
complexes, and the PPI-to-complex ratio before and after embedding-guided network enhancement. The PPI-to-complex
ratio provides a dataset-level summary of the amount of interaction evidence available per reference complex under the
original and enhanced network settings.

(XLSX)

S2 Table. Full performance comparison on human protein—protein interaction datasets. This table reports the com-
plete performance comparison of PCIPG and competing protein complex identification methods on three human datasets,
HCT116, HEK293T, and HuRI. Evaluation metrics include precision, recall, F1-score, and accuracy.

(XLSX)

S3 Table. Reference core and module annotations used for core—-module analysis. This table provides the gold-
standard core and module annotations used to evaluate PCIPG in the core—-module analysis. It includes curated core
complexes, module annotations, protein members, complex sizes, and corresponding PCIPG-predicted candidates where
available.

(XLSX)

S$4 Table. CFTR wild-type, mutant, and temperature-dependent interaction data. This table contains the interaction
data used for the CFTR case study, including wild-type CFTR interactions, disease-state interactions, temperature-
dependent interaction profiles under the disease condition, and shared wild-type—disease genes.

(XLSX)

S5 Table. Collins dataset node-weight scores and protein index mapping. This table provides the node-weight scores
used in the Collins dataset analysis, together with the mapping between protein identifiers and internal node indices.
These data support the residue- and protein-level analyses performed on the Collins benchmark.

(XLSX)

S6 Table. Relationship between shared complex membership and PPl occurrence across datasets. This table
reports the association between the number of shared predicted complex memberships and the occurrence of protein—
protein interactions across yeast and human datasets. For each dataset, it provides the number of protein pairs with a
given shared-membership count, the number of corresponding PPI pairs, and the resulting PPI ratio.

(XLSX)

S1 Text. This file provides supplementary analyses supporting the methodological clarification, robustness evalu-
ation, computational assessment, and residue-level validation of PCIPG. It first describes the training, validation, and
evaluation protocol, clarifying that PCIPG is trained as an unsupervised protein complex identification framework and that
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curated protein-complex annotations are used only for final evaluation rather than model training. It then reports parameter
sensitivity analyses for key hyperparameters, including the number of SAGE and GAT layers, hidden dimension, learning
rate, SAGPooling ratio, and dropout rate. In addition, the file presents stability analyses based on 20 independent runs with
different random seeds, including mean =+ standard deviation and 95% confidence intervals. Runtime and GPU memory
usage across benchmark datasets are also summarized to evaluate computational scalability. Finally, the supplementary
file provides additional residue-level evaluation by reporting interface-residue prediction recall across all compared meth-
ods. Furthermore, the supplementary file adds an empirical analysis supporting the protein co-membership assumption

by quantifying the relationship between repeated co-occurrence of protein pairs in curated complexes and their interaction
support across yeast and human PPI datasets. It also documents the updated source-code repository and README file,
including the overall workflow, model architecture, loss functions, training and inference procedures, data formats, tensor
shapes, supported datasets, and example command-line usage to improve reproducibility.

(PDF)

Acknowledgments

We thank the CNSknowall platform (https://cnsknowall.com) for providing data analysis services (Figs 5,9,15,8). Some
icons in the flow chart (Fig 2) were generated using the CNSknowall platform (https://cnsknowall.com). We thank STRING
database which is freely available under a ‘Creative Commons BY 4.0’ license (https://string-db.org) for providing data
analysis services (Fig 8). Some icons used in Fig 2 were adapted from https://www.flaticon.com. The original image was
used under a license permitting commercial and personal use, digital and printed reproduction, unlimited and perpetual
use, worldwide use, and the creation of modified or derivative works.

The organization of the experimentally reported complex in Fig 9d and 9e was redrawn and adapted from [34]. We sin-
cerely thank the permission and guidance of its author Prof. Li. The organization of the experimentally reported complex in
Fig 9a and 9c was redrawn and adapted from [31]. We sincerely thank the permission of its author Prof. Sun.

Author contributions
Conceptualization: Yixiang Huang.

Data curation: Yixiang Huang.

Formal analysis: Yixiang Huang, Jiudong Wang.
Investigation: Yixiang Huang.
Methodology: Yixiang Huang.

Project administration: Xingi Gong.
Resources: Yixiang Huang.

Software: Yixiang Huang, Lei Yang.
Supervision: Xingi Gong.

Writing — original draft: Yixiang Huang.
Writing — review & editing: Yixiang Huang.

References

1. Merk A, Bartesaghi A, Banerjee S, Falconieri V, Rao P, Davis MI, et al. Breaking Cryo-EM Resolution Barriers to Facilitate Drug Discovery. Cell.
2016;165(7):1698-707. https://doi.org/10.1016/j.cell.2016.05.040 PMID: 27238019

2. Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al. Highly accurate protein structure prediction with AlphaFold. Nature.
2021;596(7873):583-9. https://doi.org/10.1038/s41586-021-03819-2 PMID: 34265844

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014698 September 3, 2026 43 /46



https://cnsknowall.com
https://cnsknowall.com
https://string-db.org
https://www.flaticon.com
https://doi.org/10.1016/j.cell.2016.05.040
http://www.ncbi.nlm.nih.gov/pubmed/27238019
https://doi.org/10.1038/s41586-021-03819-2
http://www.ncbi.nlm.nih.gov/pubmed/34265844

PLO.\Sﬁ;- Computational

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Biology

Abramson J, Adler J, Dunger J, Evans R, Green T, Pritzel A. Accurate structure prediction of biomolecular interactions with AlphaFold 3. Nature.
2024;:1-3.

Hu LZ, Goebels F, Tan JH, Wolf E, Kuzmanov U, Wan C, et al. EPIC: software toolkit for elution profile-based inference of protein complexes. Nat
Methods. 2019;16(8):737—42. https://doi.org/10.1038/s41592-019-0461-4 PMID: 31308550

Fossati A, Li C, Uliana F, Wendt F, Frommelt F, Sykacek P, et al. PCprophet: a framework for protein complex prediction and differential analysis
using proteomic data. Nat Methods. 2021;18(5):520-7. https://doi.org/10.1038/s41592-021-01107-5 PMID: 33859439

Buljan M, Banaei-Esfahani A, Blattmann P, Meier-Abt F, Shao W, Vitek O, et al. A computational framework for the inference of protein com-
plex remodeling from whole-proteome measurements. Nat Methods. 2023;20(10):1523-9. https://doi.org/10.1038/s41592-023-02011-w PMID:
37749212

Frommelt F, Fossati A, Uliana F, Wendt F, Xue P, Heusel M, et al. DIP-MS: ultra-deep interaction proteomics for the deconvolution of protein com-
plexes. Nat Methods. 2024;21(4):635—47. https://doi.org/10.1038/s41592-024-02211-y PMID: 38532014

Omranian S, Angeleska A, Nikoloski Z. PC2P: parameter-free network-based prediction of protein complexes. Bioinformatics. 2021;37(1):73-81.
https://doi.org/10.1093/bioinformatics/btaa1089 PMID: 33416831

Chen H, Cai Y, Ji C, Selvaraj G, Wei D, Wu H. AdaPPI: identification of novel protein functional modules via adaptive graph convolution networks in
a protein-protein interaction network. Brief Bioinform. 2023;24(1):bbac523. https://doi.org/10.1093/bib/bbac523 PMID: 36526282

Xia S, Li D, Deng X, Liu Z, Zhu H, Liu Y, et al. Integration of protein sequence and protein-protein interaction data by hypergraph learning to identify
novel protein complexes. Brief Bioinform. 2024;25(4):bbae274. https://doi.org/10.1093/bib/bbae274 PMID: 38851299

Zeng M, Zhang F, Wu F-X, Li Y, Wang J, Li M. Protein-protein interaction site prediction through combining local and global features with deep
neural networks. Bioinformatics. 2020;36(4):1114—20. https://doi.org/10.1093/bioinformatics/btz699 PMID: 31593229

Wu T, Huang H, Li J, Wang W, Gong X. Inter-chain contact map prediction for protein complex based on graph attention network and triangular
multiplication update. In: 2022 IEEE International Conference on Bioinformatics and Biomedicine (BIBM). IEEE; 2022. p. 2143-8.

Kang Y, XuY, Wang X, Pu B, Yang X, Rao Y, et al. HN-PPISP: a hybrid network based on MLP-Mixer for protein-protein interaction site prediction.
Brief Bioinform. 2023;24(1):bbac480. https://doi.org/10.1093/bib/bbac480 PMID: 36403092

Hein MY, Hubner NC, Poser |, Cox J, Nagaraj N, Toyoda Y, et al. A human interactome in three quantitative dimensions organized by stoichiome-
tries and abundances. Cell. 2015;163(3):712-23. https://doi.org/10.1016/j.cell.2015.09.053 PMID: 26496610

Havugimana PC, Goel RK, Phanse S, Youssef A, Padhorny D, Kotelnikov S, et al. Scalable multiplex co-fractionation/mass spectrometry
platform for accelerated protein interactome discovery. Nat Commun. 2022;13(1):4043. https://doi.org/10.1038/s41467-022-31809-z PMID:
35831314

Shi Y. A glimpse of structural biology through X-ray crystallography. Cell. 2014;159(5):995—-1014. https://doi.org/10.1016/j.cell.2014.10.051 PMID:
25416941

Clore GM, Gronenborn AM. Structures of larger proteins in solution: three- and four-dimensional heteronuclear NMR spectroscopy. Science.
1991;252(5011):1390-9. https://doi.org/10.1126/science.2047852 PMID: 2047852

Qi Y, Balem F, Faloutsos C, Klein-Seetharaman J, Bar-Joseph Z. Protein complex identification by supervised graph local clustering. Bioinformat-
ics. 2008;24(13):i250-8. https://doi.org/10.1093/bicinformatics/btn164 PMID: 18586722

Wang X, Zhang Y, Zhou P, Liu X. A supervised protein complex prediction method with network representation learning and gene ontology knowl-
edge. BMC Bioinform. 2022;23(1):300. https://doi.org/10.1186/s12859-022-04850-4 PMID: 35879648

Liben-Nowell D, Kleinberg J. The link-prediction problem for social networks. J Am Soc Inf Sci. 2007;58(7):1019-31. https://doi.org/10.1002/
asi.20591

Dezso Z, Oltvai ZN, Barabasi A-L. Bioinformatics analysis of experimentally determined protein complexes in the yeast Saccharomyces cerevisiae.
Genome Res. 2003;13(11):2450—4. https://doi.org/10.1101/gr.1073603 PMID: 14559778

Gavin A-C, Aloy P, Grandi P, Krause R, Boesche M, Marzioch M, et al. Proteome survey reveals modularity of the yeast cell machinery. Nature.
2006;440(7084):631-6. https://doi.org/10.1038/nature04532 PMID: 16429126

Leung HCM, Xiang Q, Yiu SM, Chin FYL. Predicting protein complexes from PPI| data: a core-attachment approach. J Comput Biol.
2009;16(2):133—44. https://doi.org/10.1089/cmb.2008.01TT PMID: 19193141

Wu M, Li X, Kwoh C-K, Ng S-K. A core-attachment based method to detect protein complexes in PPI networks. BMC Bioinform. 2009;10:169.
https://doi.org/10.1186/1471-2105-10-169 PMID: 19486541

Wang R, Liu G, Wang C. Identifying protein complexes based on an edge weight algorithm and core-attachment structure. BMC Bioinform.
2019;20(1):471. https://doi.org/10.1186/s12859-019-3007-y PMID: 31521132

Barrowman J, Bhandari D, Reinisch K, Ferro-Novick S. TRAPP complexes in membrane traffic: convergence through a common Rab. Nat Rev Mol
Cell Biol. 2010;11(11):759-63. https://doi.org/10.1038/nrm2999 PMID: 20966969

Lynch-Day MA, Bhandari D, Menon S, Huang J, Cai H, Bartholomew CR, et al. Trs85 directs a Ypt1 GEF, TRAPPIII, to the phagophore to promote
autophagy. Proc Natl Acad Sci U S A. 2010;107(17):7811—6. https://doi.org/10.1073/pnas.1000063107 PMID: 20375281

Thomas LL, Fromme JC. GTPase cross talk regulates TRAPPII activation of Rab11 homologues during vesicle biogenesis. J Cell Biol.
2016;215(4):499-513. https://doi.org/10.1083/jcb.201608123 PMID: 27872253

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014698 September 3, 2026 44146



https://doi.org/10.1038/s41592-019-0461-4
http://www.ncbi.nlm.nih.gov/pubmed/31308550
https://doi.org/10.1038/s41592-021-01107-5
http://www.ncbi.nlm.nih.gov/pubmed/33859439
https://doi.org/10.1038/s41592-023-02011-w
http://www.ncbi.nlm.nih.gov/pubmed/37749212
https://doi.org/10.1038/s41592-024-02211-y
http://www.ncbi.nlm.nih.gov/pubmed/38532014
https://doi.org/10.1093/bioinformatics/btaa1089
http://www.ncbi.nlm.nih.gov/pubmed/33416831
https://doi.org/10.1093/bib/bbac523
http://www.ncbi.nlm.nih.gov/pubmed/36526282
https://doi.org/10.1093/bib/bbae274
http://www.ncbi.nlm.nih.gov/pubmed/38851299
https://doi.org/10.1093/bioinformatics/btz699
http://www.ncbi.nlm.nih.gov/pubmed/31593229
https://doi.org/10.1093/bib/bbac480
http://www.ncbi.nlm.nih.gov/pubmed/36403092
https://doi.org/10.1016/j.cell.2015.09.053
http://www.ncbi.nlm.nih.gov/pubmed/26496610
https://doi.org/10.1038/s41467-022-31809-z
http://www.ncbi.nlm.nih.gov/pubmed/35831314
https://doi.org/10.1016/j.cell.2014.10.051
http://www.ncbi.nlm.nih.gov/pubmed/25416941
https://doi.org/10.1126/science.2047852
http://www.ncbi.nlm.nih.gov/pubmed/2047852
https://doi.org/10.1093/bioinformatics/btn164
http://www.ncbi.nlm.nih.gov/pubmed/18586722
https://doi.org/10.1186/s12859-022-04850-4
http://www.ncbi.nlm.nih.gov/pubmed/35879648
https://doi.org/10.1002/asi.20591
https://doi.org/10.1002/asi.20591
https://doi.org/10.1101/gr.1073603
http://www.ncbi.nlm.nih.gov/pubmed/14559778
https://doi.org/10.1038/nature04532
http://www.ncbi.nlm.nih.gov/pubmed/16429126
https://doi.org/10.1089/cmb.2008.01TT
http://www.ncbi.nlm.nih.gov/pubmed/19193141
https://doi.org/10.1186/1471-2105-10-169
http://www.ncbi.nlm.nih.gov/pubmed/19486541
https://doi.org/10.1186/s12859-019-3007-y
http://www.ncbi.nlm.nih.gov/pubmed/31521132
https://doi.org/10.1038/nrm2999
http://www.ncbi.nlm.nih.gov/pubmed/20966969
https://doi.org/10.1073/pnas.1000063107
http://www.ncbi.nlm.nih.gov/pubmed/20375281
https://doi.org/10.1083/jcb.201608123
http://www.ncbi.nlm.nih.gov/pubmed/27872253

PLO.\Sﬁ;- Computational

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Biology

Yip CK, Berscheminski J, Walz T. Molecular architecture of the TRAPPII complex and implications for vesicle tethering. Nat Struct Mol Biol.
2010;17(11):1298-304. https://doi.org/10.1038/nsmb.1914 PMID: 20972447

Pinar M, Arias-Palomo E, de Los Rios V, Arst HN Jr, Pefialva MA. Characterization of Aspergillus nidulans TRAPPs uncovers unprecedented simi-
larities between fungi and metazoans and reveals the modular assembly of TRAPPII. PLoS Genetics. 2019;15(12):e1008557.

Mi C, Zhang L, Huang G, Shao G, Yang F, You X, et al. Structural basis for assembly of TRAPPII complex and specific activation of GTPase
Ypt31/32. Sci Adv. 2022;8(4):eabi5603. https://doi.org/10.1126/sciadv.abi5603 PMID: 35080977

Bermudez VP, Maniwa Y, Tappin |, Ozato K, Yokomori K, Hurwitz J. The alternative Ctf18-Dcc1-Ctf8-replication factor C complex required for sister
chromatid cohesion loads proliferating cell nuclear antigen onto DNA. Proc Natl Acad Sci U S A. 2003;100(18):10237—42. https://doi.org/10.1073/
pnas.1434308100 PMID: 12930902

Bell SP, Labib K. Chromosome Duplication in Saccharomyces cerevisiae. Genetics. 2016;203(3):1027—-67. https://doi.org/10.1534/genet-
ics.115.186452 PMID: 27384026

Yuan Z, Georgescu R, Yao NY, Yurieva O, O’'Donnell ME, Li H. Mechanism of PCNA loading by Ctf18-RFC for leading-strand DNA synthesis. Sci-
ence. 2024;385(6708):eadk5901. https://doi.org/10.1126/science.adk5901 PMID: 39088616

Michaelis AC, Brunner A-D, Zwiebel M, Meier F, Strauss MT, Bludau I, et al. The social and structural architecture of the yeast protein interactome.
Nature. 2023;624(7990):192—-200. https://doi.org/10.1038/s41586-023-06739-5 PMID: 37968396

Homma F, Huang J, van der Hoorn RAL. AlphaFold-Multimer predicts cross-kingdom interactions at the plant-pathogen interface. Nat Commun.
2023;14(1):6040. https://doi.org/10.1038/s41467-023-41721-9 PMID: 37758696

Yang Y, Hu L, Li G, Li D, Hu P, Luo X. FMvPCI: A Multiview Fusion Neural Network for Identifying Protein Complex via Fuzzy Clustering. IEEE
Trans Syst Man Cybern Syst. 2025;55(9):6189—-202. https://doi.org/10.1109/tsmc.2025.3578348

Yang Y, Hu L, Li G, Li D, Hu P, Luo X. Link-Based Attributed Graph Clustering via Approximate Generative Bayesian Learning. IEEE Trans Syst
Man Cybern Syst. 2025;55(8):5730—43. https://doi.org/10.1109/tsmc.2025.3572738

Réau M, Renaud N, Xue LC, Bonvin AMJJ. DeepRank-GNN: a graph neural network framework to learn patterns in protein-protein interfaces.
Bioinformatics. 2023;39(1):btac759. https://doi.org/10.1093/bicinformatics/btac759 PMID: 36420989

Zhang Y, Wei Z, Yuan Y, Li C, Huang W. EquiPocket: an E (3)-equivariant geometric graph neural network for ligand binding site prediction. In:
Proceedings of the 41st International Conference on Machine Learning. 2024. p. 60021-39.

Sun J, Zheng W, Zhang Q, Xu Z. Graph Neural Network Encoding for Community Detection in Attribute Networks. IEEE Trans Cybern.
2021;52(8):7791-804. https://doi.org/10.1109/TCYB.2021.3051021 PMID: 33566785

Chen J, Gong Z, Mo J, Wang W, Wang W, Wang C, et al. Self-Training Enhanced: Network Embedding and Overlapping Community Detection
With Adversarial Learning. IEEE Trans Neural Netw Learn Syst. 2022;33(11):6737—48. https://doi.org/10.1109/TNNLS.2021.3083318 PMID:
34111000

Oughtred R, Stark C, Breitkreutz B-J, Rust J, Boucher L, Chang C, et al. The BioGRID interaction database: 2019 update. Nucleic Acids Res.
2019;47(D1):D529-41. https://doi.org/10.1093/nar/gky1079 PMID: 30476227

Collins SR, Kemmeren P, Zhao X-C, Greenblatt JF, Spencer F, Holstege FCP, et al. Toward a comprehensive atlas of the physical interactome of
Saccharomyces cerevisiae. Mol Cell Proteomics. 2007;6(3):439-50. https://doi.org/10.1074/mcp.M600381-MCP200 PMID: 17200106

Xenarios |, Salwinski L, Duan XJ, Higney P, Kim S-M, Eisenberg D. DIP, the Database of Interacting Proteins: a research tool for studying cellular
networks of protein interactions. Nucleic Acids Res. 2002;30(1):303-5. https://doi.org/10.1093/nar/30.1.303 PMID: 11752321

Krogan NJ, Cagney G, Yu H, Zhong G, Guo X, Ignatchenko A, et al. Global landscape of protein complexes in the yeast Saccharomyces cerevi-
siae. Nature. 2006;440(7084):637—43. https://doi.org/10.1038/nature04670 PMID: 16554755

Huttlin EL, Bruckner RJ, Navarrete-Perea J, Cannon JR, Baltier K, Gebreab F, et al. Dual proteome-scale networks reveal cell-specific remodeling
of the human interactome. Cell. 2021;184(11):3022—40. https://doi.org/10.1016/j.cell.2021.04.011 PMID: 33961781

Luck K, Kim D-K, Lambourne L, Spirohn K, Begg BE, Bian W, et al. A reference map of the human binary protein interactome. Nature.
2020;580(7803):402—8. https://doi.org/10.1038/s41586-020-2188-x PMID: 32296183

Mewes HW, Frishman D, Mayer KFX, Minsterkotter M, Noubibou O, Pagel P, et al. MIPS: analysis and annotation of proteins from whole genomes
in 2005. Nucleic Acids Res. 2006;34(Database issue):D169-72. https://doi.org/10.1093/nar/gkj148 PMID: 16381839

Pu S, Wong J, Turner B, Cho E, Wodak SJ. Up-to-date catalogues of yeast protein complexes. Nucleic Acids Res. 2009;37(3):825-31. https://doi.
org/10.1093/nar/gkn1005 PMID: 19095691

Aloy P, Béttcher B, Ceulemans H, Leutwein C, Mellwig C, Fischer S, et al. Structure-based assembly of protein complexes in yeast. Science.
2004;303(5666):2026-9. https://doi.org/10.1126/science.1092645 PMID: 15044803

Wong ED, Skrzypek MS, Weng S, Binkley G, Meldal BH, Perfetto L, et al. Integration of macromolecular complex data into the Saccharomyces
Genome Database. Database. 2019;2019:baz008.

Tsitsiridis G, Steinkamp R, Giurgiu M, Brauner B, Fobo G, Frishman G, et al. CORUM: the comprehensive resource of mammalian protein
complexes-2022. Nucleic Acids Res. 2023;51(D1):D539—45. https://doi.org/10.1093/nar/gkac1015 PMID: 36382402

Bader GD, Hogue CWV. An automated method for finding molecular complexes in large protein interaction networks. BMC Bioinformatics.
2003;4:2. https://doi.org/10.1186/1471-2105-4-2 PMID: 12525261

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014698 September 3, 2026 45/ 46



https://doi.org/10.1038/nsmb.1914
http://www.ncbi.nlm.nih.gov/pubmed/20972447
https://doi.org/10.1126/sciadv.abi5603
http://www.ncbi.nlm.nih.gov/pubmed/35080977
https://doi.org/10.1073/pnas.1434308100
https://doi.org/10.1073/pnas.1434308100
http://www.ncbi.nlm.nih.gov/pubmed/12930902
https://doi.org/10.1534/genetics.115.186452
https://doi.org/10.1534/genetics.115.186452
http://www.ncbi.nlm.nih.gov/pubmed/27384026
https://doi.org/10.1126/science.adk5901
http://www.ncbi.nlm.nih.gov/pubmed/39088616
https://doi.org/10.1038/s41586-023-06739-5
http://www.ncbi.nlm.nih.gov/pubmed/37968396
https://doi.org/10.1038/s41467-023-41721-9
http://www.ncbi.nlm.nih.gov/pubmed/37758696
https://doi.org/10.1109/tsmc.2025.3578348
https://doi.org/10.1109/tsmc.2025.3572738
https://doi.org/10.1093/bioinformatics/btac759
http://www.ncbi.nlm.nih.gov/pubmed/36420989
https://doi.org/10.1109/TCYB.2021.3051021
http://www.ncbi.nlm.nih.gov/pubmed/33566785
https://doi.org/10.1109/TNNLS.2021.3083318
http://www.ncbi.nlm.nih.gov/pubmed/34111000
https://doi.org/10.1093/nar/gky1079
http://www.ncbi.nlm.nih.gov/pubmed/30476227
https://doi.org/10.1074/mcp.M600381-MCP200
http://www.ncbi.nlm.nih.gov/pubmed/17200106
https://doi.org/10.1093/nar/30.1.303
http://www.ncbi.nlm.nih.gov/pubmed/11752321
https://doi.org/10.1038/nature04670
http://www.ncbi.nlm.nih.gov/pubmed/16554755
https://doi.org/10.1016/j.cell.2021.04.011
http://www.ncbi.nlm.nih.gov/pubmed/33961781
https://doi.org/10.1038/s41586-020-2188-x
http://www.ncbi.nlm.nih.gov/pubmed/32296183
https://doi.org/10.1093/nar/gkj148
http://www.ncbi.nlm.nih.gov/pubmed/16381839
https://doi.org/10.1093/nar/gkn1005
https://doi.org/10.1093/nar/gkn1005
http://www.ncbi.nlm.nih.gov/pubmed/19095691
https://doi.org/10.1126/science.1092645
http://www.ncbi.nlm.nih.gov/pubmed/15044803
https://doi.org/10.1093/nar/gkac1015
http://www.ncbi.nlm.nih.gov/pubmed/36382402
https://doi.org/10.1186/1471-2105-4-2
http://www.ncbi.nlm.nih.gov/pubmed/12525261

PLO.\Sﬁ;- Computational

55.

56.

57.

58.

59.
60.

61.
62.

63.
64.

65.

66.
67.
68.
69.

70.

71.

72.

73.

74.

75.

76.

77.

Biology

Liu G, Wong L, Chua HN. Complex discovery from weighted PPI networks. Bioinformatics. 2009;25(15):1891-7. https://doi.org/10.1093/bioinfor-
matics/btp311 PMID: 19435747

Asur S, Ucar D, Parthasarathy S. An ensemble framework for clustering protein-protein interaction networks. Bioinformatics. 2007;23(13):i29-40.
https://doi.org/10.1093/bioinformatics/btm212 PMID: 17646309

Nepusz T, Yu H, Paccanaro A. Detecting overlapping protein complexes in protein-protein interaction networks. Nat Methods. 2012;9(5):471-2.
https://doi.org/10.1038/nmeth.1938 PMID: 22426491

Meng X, Peng X, Wu FX, Li M. Detecting protein complex based on hierarchical compressing network embedding. In: 2019 IEEE International
Conference on Bioinformatics and Biomedicine (BIBM). IEEE; 2019. p. 215-8.

Zhang X, Liu H, Li Q, Wu XM. Attributed graph clustering via adaptive graph convolution. arXiv preprint arXiv:190601210. 2019.

Mrabah N, Bouguessa M, Touati MF, Ksantini R. Rethinking Graph Auto-Encoder Models for Attributed Graph Clustering. IEEE Trans Knowl Data
Eng. 2023;35(9):9037-53. https://doi.org/10.1109/tkde.2022.3220948

Majmudar J, Vavasis S. Provable overlapping community detection in weighted graphs. Adv Neural Inform Process Syst. 2020;33:19028-38.

Berahmand K, Nasiri E, Pir Mohammadiani R, Li Y. Spectral clustering on protein-protein interaction networks via constructing affinity matrix using
attributed graph embedding. Comput Biol Med. 2021;138:104933. https://doi.org/10.1016/j.compbiomed.2021.104933 PMID: 34655897

Consortium GO. The gene ontology resource: 20 years and still GOing strong. Nucleic Acids Res. 2019;47(D1):D330-8.

Xu B, Li K, Zheng W, Liu X, Zhang Y, Zhao Z, et al. Protein complexes identification based on go attributed network embedding. BMC Bioinform.
2018;19(1):535. https://doi.org/10.1186/s12859-018-2555-x PMID: 30572820

Pan'Y, Wang Y, Guan J, Zhou S. PCGAN: a generative approach for protein complex identification from protein interaction networks. Bioinformat-
ics. 2023;39(8):btad473. https://doi.org/10.1093/bicinformatics/btad473 PMID: 37531266

Hamilton W, Ying Z, Leskovec J. Inductive representation learning on large graphs. Adv Neural Inform Process Syst. 2017;30.
Lee J, Lee |, Kang J. Self-attention graph pooling. In: International conference on machine learning. PMLR; 2019. p. 3734—43.
Veli¢kovi¢ P, Cucurull G, Casanova A, Romero A, Lio P, Bengio Y. Graph attention networks. arXiv preprint arXiv:171010903. 2017.

Li S, Dohlman HG. Evolutionary conservation of sequence motifs at sites of protein modification. J Biol Chem. 2023;299(5):104617. https://doi.
org/10.1016/j.jbc.2023.104617 PMID: 36933807

Tseng YY, Li W-H. Evolutionary approach to predicting the binding site residues of a protein from its primary sequence. Proc Natl Acad Sci U S A.
2011;108(13):5313-8. https://doi.org/10.1073/pnas.1102210108 PMID: 21402946

Tuncbag N, Braunstein A, Pagnani A, Huang S-SC, Chayes J, Borgs C, et al. Simultaneous reconstruction of multiple signaling pathways via the
prize-collecting steiner forest problem. J Comput Biol. 2013;20(2):124-36. https://doi.org/10.1089/cmb.2012.0092 PMID: 23383998

Akhmedov M, Kedaigle A, Chong RE, Montemanni R, Bertoni F, Fraenkel E, et al. PCSF: An R-package for network-based interpretation of
high-throughput data. PLoS Comput Biol. 2017;13(7):e1005694. https://doi.org/10.1371/journal.pcbi.1005694 PMID: 28759592

Pirhaji L, Milani P, Leidl M, Curran T, Avila-Pacheco J, Clish CB, et al. Revealing disease-associated pathways by network integration of untargeted
metabolomics. Nat Methods. 2016;13(9):770-6. https://doi.org/10.1038/nmeth.3940 PMID: 27479327

Hu Y, Peng T, Gao L, Tan K. CytoTalk: De novo construction of signal transduction networks using single-cell transcriptomic data. Sci Adv.
2021;7(16):eabf1356. https://doi.org/10.1126/sciadv.abf1356 PMID: 33853780

Altschul SF, Madden TL, Schaffer AA, Zhang J, Zhang Z, Miller W, et al. Gapped BLAST and PSI-BLAST: a new generation of protein database
search programs. Nucleic Acids Res. 1997;25(17):3389-402. https://doi.org/10.1093/nar/25.17.3389 PMID: 9254694

Sievers F, Higgins DG. Clustal Omega for making accurate alignments of many protein sequences. Protein Sci. 2018;27(1):135-45. https://doi.
org/10.1002/pro.3290 PMID: 28884485

Yu G. Gene Ontology Semantic Similarity Analysis Using GOSemSim. Methods Mol Biol. 2020;2117:207—15. https://doi.org/10.1007/978-1-0716-
0301-7_11 PMID: 31960380

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014698 September 3, 2026 46/ 46



https://doi.org/10.1093/bioinformatics/btp311
https://doi.org/10.1093/bioinformatics/btp311
http://www.ncbi.nlm.nih.gov/pubmed/19435747
https://doi.org/10.1093/bioinformatics/btm212
http://www.ncbi.nlm.nih.gov/pubmed/17646309
https://doi.org/10.1038/nmeth.1938
http://www.ncbi.nlm.nih.gov/pubmed/22426491
https://doi.org/10.1109/tkde.2022.3220948
https://doi.org/10.1016/j.compbiomed.2021.104933
http://www.ncbi.nlm.nih.gov/pubmed/34655897
https://doi.org/10.1186/s12859-018-2555-x
http://www.ncbi.nlm.nih.gov/pubmed/30572820
https://doi.org/10.1093/bioinformatics/btad473
http://www.ncbi.nlm.nih.gov/pubmed/37531266
https://doi.org/10.1016/j.jbc.2023.104617
https://doi.org/10.1016/j.jbc.2023.104617
http://www.ncbi.nlm.nih.gov/pubmed/36933807
https://doi.org/10.1073/pnas.1102210108
http://www.ncbi.nlm.nih.gov/pubmed/21402946
https://doi.org/10.1089/cmb.2012.0092
http://www.ncbi.nlm.nih.gov/pubmed/23383998
https://doi.org/10.1371/journal.pcbi.1005694
http://www.ncbi.nlm.nih.gov/pubmed/28759592
https://doi.org/10.1038/nmeth.3940
http://www.ncbi.nlm.nih.gov/pubmed/27479327
https://doi.org/10.1126/sciadv.abf1356
http://www.ncbi.nlm.nih.gov/pubmed/33853780
https://doi.org/10.1093/nar/25.17.3389
http://www.ncbi.nlm.nih.gov/pubmed/9254694
https://doi.org/10.1002/pro.3290
https://doi.org/10.1002/pro.3290
http://www.ncbi.nlm.nih.gov/pubmed/28884485
https://doi.org/10.1007/978-1-0716-0301-7_11
https://doi.org/10.1007/978-1-0716-0301-7_11
http://www.ncbi.nlm.nih.gov/pubmed/31960380

	PCIPG: A comprehensive framework for protein complex identification based on a probabilistic graphical model
	1 Introduction
	2 Results
	2.1 Overview of PCIPG
	2.2 PCIPG delivers improved benchmark performance and functional coherence
	2.3 Systematic ablation dissects the contributions of individual module components
	2.4 PCIPG recovers protein modules and core components
	2.5 PCIPG identifies complexes implicated in essential biological processes
	2.6 Core locus recognition module highlights residues associated with interfaces and conservation signatures
	2.7 Computational analysis of mutation-associated differences in the inferred CFTR interaction landscape

	3 Discussion
	3.1 Zero-inflated Bernoulli–Exponential modeling captures protein interaction strength distributions
	3.2 PCIPG maintains robust complex identification under network and structural perturbations
	3.3 Limitations and future work

	4 Methods
	4.1 Probabilistic graph model
	4.2 Datasets and comparing methods
	4.2.1 Datasets. Considering data availability and dataset scale, we evaluated PCIPG on eight protein–protein interaction (PPI) network benchmarks, comprising five widely used Saccharomyces cerevisiae networks (BioGRID [43], Collins [44], DIP [45], Krogan-
	4.2.2 Comparing methods. Existing computational approaches for protein complex identification can be broadly categorized into unsupervised and supervised paradigms, depending on whether curated “gold-standard” complex annotations are used during model tra

	4.3 Data preprocessing
	4.4 Structural feature extraction
	4.5 Core locus recognition
	4.6 Interaction network graph learning
	4.7 Network enhancement learning
	4.8 Training strategy
	4.9 Zero-inflated Bernoulli–Exponential modeling for protein–protein interactions
	4.10 Residue importance computation
	4.10.1 Binding site prediction. We formulate the identification of interfacial residues as an optimization problem on a bipartite residue–residue graph. Let
	4.10.2 Conservation site prediction. To evaluate evolutionary conservation, we generated all protein pairs in the Collins dataset and queried the RCSB PDB for complexes containing each pair. For proteins present in complexes, amino acid sequences of targe

	4.11 Module and core component analysis in protein complexes
	4.11.1 Module analysis. As a downstream analysis of the protein-complex membership matrix P, module detection seeks to group proteins that share similar community assignments. Proteins assigned to the same module are expected to share similar binary label
	4.11.2 Core component analysis. As another downstream application of the protein-complex membership matrix P, we performed core component analysis to identify proteins that stabilize each module. To this end, we first grouped predicted complexes into clus

	4.12 Protein mutation identification
	4.13 GO semantic similarity calculation
	4.14 Computational complexity analysis
	4.15 Hyperparameter settings and tuning protocol
	4.16 Evaluation indices for protein complex identification
	4.17 Filtering high-confidence predicted complexes

	5 Conclusion
	Supporting information
	References


