
Available online at www.sciencedirect.com

ScienceDirect
Current Opinion in

Structural Biology
Computational tools to predict context-specific protein
complexes
Attila Csikász-Nagy1,2, Erzsébet Fichó1, Santiago Noto1,3 and
István Reguly1,2
Abstract
Interactions between thousands of proteins define cells’
protein–protein interaction (PPI) network. Some of these in-
teractions lead to the formation of protein complexes. It is
challenging to identify a protein complex in a haystack of
protein–protein interactions, and it is even more difficult to
predict all protein complexes of the complexome. Simulations
and machine learning approaches try to crack these problems
by looking at the PPI network or predicted protein structures.
Clustering of PPI networks led to the first protein complex pre-
dictions, while most recently, atomistic models of protein com-
plexes and deep-learning-based structure prediction methods
have also emerged. The simulation of PPI level interactions
even enables the quantitative prediction of protein complexes.
These methods, the required data sources, and their potential
future developments are discussed in this review.
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Introduction
Proteins rarely have catalytic activities on their own.
They form complexes to perform their biological func-

tions [1,2]. Proteineprotein interactions can lead to
stable protein complexes, while enzymatic interactions
www.sciencedirect.com
can last for short times, thus making them more chal-
lenging to detect. Several experimental methods have
been developed to identify proteineprotein interactions
(PPIs) and constituting proteins of protein complexes
[3]. Protein complexes can be identified by MS Tap-tag,

but that gives info only on the proteins that appear
together in a larger complex, it is unclear which protein
binds to which. Pairwise interactions can be detected by
yeast two-hybrid [4], surface plasmon resonance, bio-
film/biolayer interference, microcalorimetry, pull-down
assays, and structure analysis methods like NMR spec-
troscopy. These methods require purified proteins,
which limit their capabilities. In-vivo interaction de-
tections can be performed under a microscope by duo-
link proximity ligation assay, immunofluorescence
detection, or FRET. Combining these essays has

dramatically increased our knowledge and filled several
databases. Although we can produce more and more data
on protein interactions, we still need to rely on
computational tools to get a more thoroughout picture
of protein complexes [5].

Interactions between proteins with known structures
can be predicted by molecular docking simulations, and
with the appearance of deep learning algorithms to
predict 3D structures from amino acid sequences, a new
wave of techniques emerged to predict which proteins

are present in a protein complex [6]. Machine learning
algorithms are also used to find dense regions of
proteineprotein interaction networks, originally built
based on experimental data described above [7]. Various
clustering methods can identify protein complexes in
these networks, and more sophisticated versions can
even distinguish between core complexes and modules
that can move between complexes [8]. Large-scale rule-
based simulations of proteineprotein interactions with
minimal structural information can also predict protein
complex compositions and, in this case, the abundance

and alternative forms of complexes [9]. The final goal of
all these prediction methods is to understand how the
biological functions of cells are achieved through the
interaction of proteins. Once we gain this knowledge,
the next step is to reveal how these interactions are
perturbed upon disease conditions (including muta-
tions) and how drugs affect protein complex functions
by perturbing their compositions and abundances.
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Here, we review the computational methods used to
predict compositions of protein complexes. Some of
these methods go even further and through proteome-
wide approaches predict the complexome (all protein
complexes in a cell). In this review we give an outlook on
how these tools will serve us in disease detection and
treatments. We discuss methods that start from protein
structural data or predictions of structures, and we also

touch upon complex prediction methods that neglect the
structure of proteins and rely on large-scale PPI data.
Another way to group these computational approaches is
to look at the mathematical methods used for pre-
dictions. Simulations and machine learning methods are
used for structure- and PPI-based approaches. Before
going through the four combinations of these, we review
the data sources which serve these computational tools.

Data sources
Proteineprotein databases frequently collect data
through curation efforts or incorporating experimentally
validated PPIs from various other data sources. Addi-
tionally, some resources extend their datasets using

computational prediction (e.g., STRING). Moreover,
there are several organism-specific databases available
(e.g., E. coli e SGD [10], Drosophila e FlyBase [11]).
Most protein complex prediction algorithms require
either only a PPI network or both PPI networks and
some biological information as input. The most often
used initial PPI data sources for protein complex pre-
diction and curated “gold standard” databases of protein
complexes are collected in Table 1.
Table 1

A list of the most commonly used protein–protein interaction databas
plexes used to validate predictions.

Datasource URL

DIP [12] https://dip.doe-mbi.ucla.edu/dip/
Main.cgi

Experim
interac

BioGRID [13] https://thebiogrid.org/ Curate
genetic

HINT [14] http://hint.yulab.org/ Manua
datase

HIPPIE [15] https://cbdm-01.zdv.uni-mainz.de/
~mschaefer/hippie/

Functio
interac

IntAct [16] https://www.ebi.ac.uk/intact/home Databa
MINT [17] https://mint.bio.uniroma2.it/ Annota
STRING [18] https://string-db.org/ Databa

PPIs (w
ComplexPortal [19] https://www.ebi.ac.uk/

complexportal/home
Manua
resourc
comple

CORUM [20] https://mips.helmholtz-muenchen.
de/corum/

Manua
comple
organis

hu.MAP [21] http://humap2.proteincomplexes.
org/

Compr
protein

The last three rows are marked with grey as these databases are considered “
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Predicting protein complexes
Protein complexes are assembled through interactions

between binding domains of proteins. To understand
the key processes of a cell, it is vital to reveal the
detailed interactions in each protein complexes. We can
use machine learning algorithms to predict the internal
details of complexes [22] or simulate the emergence of
complexes using various mathematical methods [23,24].
Both approaches can be started from initial data on
protein structures or PPI information. Below, we review
methods and tools from all four groups: ML or
simulation-based methods relying on structure or PPI
data (Table 2). We describe how these methods are

available; whether they can be downloaded (all associ-
ated data and scripts), available on a webserver (dedi-
cated or Google Colab), and if they require registration
or are open to anyone.

Simulations of protein complex formation based on
structural information
Docking simulations have traditionally been the go-to
tools for modelling proteineprotein interactions and
recently advanced tools following this concept emerged
to predict how protein complexes are assembled.
These approaches consider the underlying physics and,
therefore, are very expensive computationally e but

before the AI revolution, these were the most wide-
spread tools. Some of the most prominent models
include ZDOCK [40,41], HADDOCK [26], LightDock
[42], and ClusPro [43] that simulate all-atom-level
models for proteins and their complexes [44]. These
es as input for predictions and curated databases of protein com-

Description Number of species

entally determined
tions between proteins

10 model organisms (including
H. sapiens, E. coli)

d protein–protein and
interactions

24 main model organisms

lly curated interactome
t

12 main model organisms

nally annotated human
tome

H. sapiens

se of molecular interactions All model organisms
ted PPI dataset 672 organisms
se of known and predicted
ith confidence scores)

All model organisms

lly curated, encyclopaedic
e of macromolecular
xes

28 main model organisms

lly annotated protein
xes from mammalian
ms

Mammalian model organisms
(H. sapiens, M. musculus etc.)

ehensive database of
complexes

H. sapiens

gold standards” for comparing protein complex predictions.
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Table 2

List of available computation tools to predict protein complex compositions.

Tool name URL Type Feature

Complexes++ [25] https://github.com/bio-phys/
complexespp

Simulation/Structure
Downloadable

Study large-scale protein
complexes and their solutions

HADDOCK [26] https://wenmr.science.uu.nl/
haddock2.4/

Simulation/Structure
Downloadable and webserver
(registration required)

Information-driven docking for
biomolecular complexes

Alphafold Multimer [6] https://github.com/google-
deepmind/alphafold

ML/Structure
Downloadable and webserver
(open, Google Colab notebook)

Gives structural interaction details

Alphafold 3 [27] https://alphafoldserver.com/ ML/Structure
Webserver (registration required)

The largest scale structural
interaction predicting tool

ColabFold [28] https://github.com/sokrypton/
ColabFold

ML/Structure
Downloadable and webserver
(open)

Protein folding and structures

CombFold [29] https://codeocean.com/capsule/
8791899/tree/v1

ML/Structure
Downloadable and webserver
(registration required)

Predicting large protein and
heteromeric complexes

MoLPC [30] https://github.com/patrickbryant1/
MoLPC

ML/Structure
Downloadable and webserver
(open)

Predicting large protein complexes

deepAssembly [31–33] http://zhanglab-bioinf.com/
DeepAssembly/

ML/Structure
Webserver (open)

Deep learning approach for protein
complex prediction

ClusterOne [7] https://paccanarolab.org/
clusterone/

ML/PPI
Downloadable

Detecting overlapping complexes
Come

HiSCF [34] https://github.com/allenv5/HiSCF ML/PPI
Downloadable

Clustering of motifs on the PPI Come

MCL [35] https://www.micans.org/mcl/ ML/PPI
Downloadable

Clustering on a PPI Come

PcGAN [36] https://github.com/yul-pan/PCGAN ML/PPI
Downloadable

Generative model for protein
complexes

PCprophet [37] https://github.com/anfoss/
PCprophet

ML/PPI
Downloadable

Protein complexes and
characterize their changes across
experimental conditions

Super.Complex [38] https://sites.google.com/view/
supercomplex/super-complex-v3-0

ML/PPI
Downloadable

AutoML for protein complex
prediction. Human - SARS-CoV-19
complexes

TADW-SC [39] https://github.com/
kamalberahmand/TADW-SC

ML/PPI
Downloadable

Integration of protein features

Cytocast https://www.cytocast.com/ Simulation/PPI
Webserver (registration required)

Overlapping complexes,
quantitative predictions Come

Come
– the tool can predict all complexes of the complexome.
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approaches use three-dimensional structural informa-
tion for modeling and scoring, and some further inte-
grate evolutionary information and even experimental

data [44], leading to successful CAPRI models [45].
CASP-CAPRI challenges have been an excellent
indicator of how the community approaches the 3D
structural modeling of proteins and multimers. The use
of AI has become prevalent in the field, with
CASP14-CAPRI [46] already including numerous such
solutions, and CASP15-CAPRI [47] overwhelmingly
relying on deep learning methods that were taught how
to map aminoacid sequences to 3D structural infor-
mation, and then how to integrate available data on
protein docking.
www.sciencedirect.com
Predicting protein complexes based on structural
information
The success of deep learning approaches, like AlphaFold
[6] or RoseTTAFold [48], in predicting the 3D structure
of monomer proteins from amino-acid sequences in the

CASP14 propelled research in a new direction for
predicting protein complexes. In some cases, protein
complex structures could be obtained by concatenating
multiple protein sequences by a gap character and using
it as an input of AlphaFold [49,50] which led to the
development of the protein complex predicting tool,
AlphaFold-Multimer (AFM) [6]. AFM takes AlphaFold
structure prediction capabilities a step forward by
modifying the architecture and loss functions to
Current Opinion in Structural Biology 2024, 88:102883
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consider multimers to predict the structure of protein
complexes. AFM uses multimer chains of known stoi-
chiometry as input, along with multiple pairwise
sequence alignments, rather than the simple concate-
nation of sequences. With these modifications, they
were able to predict the structure of heteromeric and
homomeric interfaces more accurately.

While AFM achieves state-of-the-art performance
predicting protein complexes, it has high memory re-
quirements and takes a long time to run. Considerable
effort has been dedicated to make structure prediction
more accessible for further research. For example, an
accessible Python notebook approach to use AFM was
later built by ColabFold [28]. ColabFold makes use of
MMSeq2 to speed up search and prediction of complex
structures [51]. AF2Complex [52] proposes an approach
that adopts AlphaFold and AFM while avoiding pairwise
MSA, obtaining highly accurate predictions. AFM ac-

curacy also degrades with the number of chains (>9). To
address this, MoLPC [30] proposes to model protein
complexes as combinations of subcomponents. It uses
AFM or FoldDock [49] to produce dimeric and trimeric
subcomponents and uses a Monte Carlo tree search to
assemble complexes. This approach works well for
homomeric assemblies. CombFold proposes a similar
approach with improved performance for heteromeric
assemblies. In CombFold, the subcomponents are
merged using a combinatorial and hierarchical method
instead of the Monte Carlo tree search. Deep learning

methods can sometimes introduce artifacts into the
generated predictions. Recently, Hou et al. [53] showed
that AFM produces complexes with topological links
that are unlikely to occur in nature and the authors also
propose [28] a way to detect these links.

Other deep learning approaches have been proposed to
predict protein complex structures, such as SADA [54]
or DeepAssembly, with a performance comparable to
AFM. DeepAssembly uses inter-domain interactions
predicted by deep learning methods to infer complex
structures. Interchain contacts can also be used to

predict protein complex structure [55e57]. Deep-
Homo 2.0 is able to predict both interchain contacts
and complexes, even outperforming AFM when
considering larger lists of predicted complexes [58].
Protein language models are widely used to learn rep-
resentations for protein sequences, and have also been
successfully used for protein complex prediction,
outperforming AFM in certain tasks. For example,
ESMPair [59] is able to outperform AFM, more
noticeably for structures predicted with low confidence
and for complexes in eukaryotes [60,61]. Deep learning

has also been used for proteineprotein docking. For
example, GeoDock provides a fast and accessible
framework for predicting complex structure using only
the sequence and structure of the docking partners,
and was shown to outperform several deep learning
Current Opinion in Structural Biology 2024, 88:102883
approaches, although falls behind AFM. These are only
a few of many different deep learning approaches
developed in recent years. For a more comprehensive
review on deep learning approaches we refer to a review
by Lin et al. [62].

Identification of protein complexes based on PPI
networks
Protein complexes are assembled by binding reactions of
multiple proteins through a few interaction sites. Large-

scale experimental methods (discussed in the intro-
duction) can identify which molecules can interact with
each other in a complex, and this information can be
used to predict protein complexes, even without
considering the actual structure of molecules and
atomistic details of protein interactions.

A large set of proteineprotein binding reactions are
often modeled using a PPI Network. In this graph, the
nodes represent proteins, and a link exists between a
pair of proteins if they are known to interact. These

links can be weighted or unweighted, depending on the
available information about the interactions. In these
networks, proteins belonging to the same complex tend
to be highly interconnected and well separated from the
rest, allowing complexes to be detected with clustering
methods. The most popular clustering methods for
protein complex prediction are MCL and ClusterOne.
Such clustering of a PPI network gives a prediction for
all the proteins of a cell, so these methods predict the
whole complexome.

MCL, or Markov Chain Linking, finds dense, separated
subgraphs by performing a random walk in the PPI
Network. However, it is not able to distinguish over-
lapping clusters, failing to assign a protein to more than
one complex at a time. ClusterOne was proposed to
detect these overlapping clusters in a PPI Network.
ClusterOne starts with a ‘seed’ protein and greedily ex-
pands the cluster by sampling neighbor proteins from the
PPI Network until certain criteria are satisfied and a
complex is formed. Other types of clustering have also
been used [63], but both MCL and ClusterOne are still

preferred by recent protein complex prediction
methods [34,64].

Approaches different than clustering have also been
used to leverage the PPI Network and predict protein
complexes. For example, matrix factorization variations
have been shown to be predictive of protein complexes
from the PPI Network [65]. Super.Complex [38] used
an AutoML approach to predict protein complexes from
the PPI Network. Super.Complex compared several
combinations of classical pre-processing tools, feature

selection tools, and machine learning models such as
Decision Trees, Naive Bayes, XGBoost, K-nearest
Neighbours, SVM or logistic regression for protein
complex prediction. Super.Complex was also used to
www.sciencedirect.com
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Computational tools to predict protein complexes Csikász-Nagy et al. 5
predict complexes generated in the interaction between
human proteins and the virus SARS-CoV-19 proteins.

PcGAN [36] is a Generative Adversarial Network
(GAN) proposed for protein complex prediction.
PCGAN learns two models: a generator, which learns to
generate complexes, and a discriminator, which learns to
distinguish the generated complexes from real com-

plexes. These are trained together until the discrimi-
nator is not able to distinguish real from generated
complexes. This framing allows the generation of novel,
previously unseen protein complexes with possible
biological significance that could increase the knowl-
edge about protein complexes.

Protein complexes can also be predicted directly from
proteomics data, bypassing the building of a network.
For example, PCProphet [37] uses cofractionation MS
and complex abundance data to directly infer protein

complexes. Expanding on this idea, O’Reilly et al. [66]
predicts complexes using crosslinking MS in combina-
tion with PCProphet to obtain PPI candidates that are
fed to AFM.

Simulations of protein complex formation based on
PPI networks
Simulations of regulatory network dynamics enable re-
searchers to study how enzymatic and other regulatory
interactions drive cellular decision-making [67]. Similar
approaches can be used to simulate protein complex
formation on the PPI network scale. Classical mathe-

matical models with ordinary differential equations can
capture only the dynamics with proper rate constants of
binding and unbinding events, and even in this case, it
could give a steady state distribution of molecules be-
tween complexes. The main challenge is to model each
molecular interaction, and follow each individual
Figure 1

Simulations of protein complex formation on the PPI level. An initial set o
protein complexes (b), where an abundance of complexes can also be detect
binding capabilities of one of the proteins, can lead to a systemic effect on p
complexes.

www.sciencedirect.com
protein, as they dynamically form protein complexes.
The rule-based modeling framework [58] is inspired by
process algebra and can be used to simulate the dynamic
interactions of individual proteins [68,69]. This concept
was used by Rizzetto et al. [9] to predict how individual
proteins can assemble into protein complexes. This
method takes into consideration each protein, together
with its binding domains, and simulates how

domainedomain interactions [61] between multiple
proteins lead to the formation of protein complexes
(Fig. 1 a,b). Since the abundance of each protein is
considered in simulations, the method enables both
qualitative and quantitative predictions of protein
complexes [9]. Later, they have shown that the method
can be used to predict how protein complex abundances
vary between different human tissue types where pro-
tein expression levels differ [70]. This methodology
enables the simulation of the effects of a drug or mu-
tation that interferes with the binding capabilities of a

given protein. The changes caused by such perturba-
tions on a given protein could affect the abundance of
protein complexes that do not contain this protein, but
are a potential binding partner (Fig. 1 b,c). Such sys-
temic effects of local perturbations can lead to a global
change in the complexome, which can have major
physiological outcomes.

The challenge with this method is that it requires
proteome-wide precise interaction data, information on
binding domains, and high computing capacity to

simulate millions of interactions between molecules
[24]. On a lower scale, the method was also used to
predict the compositions of protein complexes at the
post-synaptic density of neurons from a limited set of
available proteins [71]. This work was later followed by
an analysis of how mutations affect these com-
plexes [72].
f proteins (a) following some PPI database-defined binding rules can form
ed. Stress in the form of a drug or a mutation (c), which interferes with the
rotein complexes and change the abundances of non-directly affected

Current Opinion in Structural Biology 2024, 88:102883
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Conclusions
The ultimate goal of predicting protein complexes is to

understand how they regulate the physiological behavior
of cells and how we can control it to avoid or treat dis-
eases. There is high potential in designing drugs that
directly target PPIs and protein complex formation
[73e75]. As a next step, we need to move away from
static pictures of protein complexes and study how
proteins dynamically move between complexes [76].
This is particularly important for proteins, which can
participate in multiple complexes and take part in many
interactions. Binding partners of such proteins compete
for a limited pool of proteins; thus, changes in protein

abundances can have a major effect on the complexome.
Structure-based prediction tools are great for predicting
the specific interactions between proteins in a complex,
while PPI-based coarse-grained approaches can better
scale-up to the complexome level. Yet, from the
currently existing protein complex prediction tools, only
simulations of PPI data can capture the dynamical
abundance changes in complexes [9]. With the growth
in computing capacities, scale-up of machine learning-
based structural predictions of protein complexes, and
large-scale particle-based simulations [69,70] soon we

might be able to predict how a single mutation in the
binding site of a single protein might affect not only the
complexes of this given protein, but the whole
complexome. A recently emerging aspect increasing the
difficulty of the problem is to account for the phenom-
enon of protein phase separation, for which specific
prediction approaches exist [77] but has yet to be
incorporated into the tools discussed here.

Proteineprotein interactions can be controlled by
posttranslational modifications as well [78]. Various

intra- and extracellular signals can induce conforma-
tional changes in proteins, which can either enable or
disable their binding capabilities. Prediction tools also
exist for phosphorylation site identification [79], but we
still need a tool to connect these modifications to the
binding capabilities of proteins systematically. With the
improvements in deep-learning-based structure pre-
dictions [76], we are not too far from reaching a stage
when we can predict how a signaling pathway affects
downstream protein structures, their PPIs and eventu-
ally the whole complexome. On smaller scales, we can

already see examples moving in this direction [80].

Advanced experimental techniques are also giving us
new data on protein complexes. The bloom of cryo-EM
[81], proximity ligation assay [82], and other newer
approaches give us more details to feed into prediction
tools. The challenge is to integrate these data sources
and reliably predict complexes and their dynamic
changes upon perturbations. Machine learning-based
clustering methods improved a lot since their appear-
ance in the field [83]. They are widely spread and easy
Current Opinion in Structural Biology 2024, 88:102883
to use, but they predict only static protein complexes e
with potential overlaps between them [7]. Atomistic-
level models are growing from single molecule pre-
dictions to protein complex predictions, but we are far
from reaching the whole complexome. The combination
of deep-learning-based structure predictions with PPI-
level simulations might give a new boost to the field
when dynamical assemblies and disassemblies of protein

complexes and their interacting drugs, lipids, and me-
tabolites can be precisely captured. A further challenge
will be to develop experimental tools to validate the
predictions of such detailed models.
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