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ABSTRACT
Computational prediction of protein-protein interactions (PPIs) has moved, over roughly a decade, from shallow
classifiers trained on hand-crafted sequence and domain features to deep architectures that learn representations
directly from sequence, structure or network context, and most recently to structure-aware models built on top of
protein language models and AlphaFold-derived structural predictions. This review synthesises the major
methodological families used for PPI prediction -- sequence-based classifiers, network-topology-based link
prediction, structure-based docking and structure-aware deep learning, and protein-language-model-based
approaches such as D-SCRIPT and AlphaFold-Multimer-derived pipelines -- and compares their reported
performance on shared or comparable benchmarks, principally the Human Reference Interactome (HuRI),
STRING and BioGRID-derived datasets. Reported area-under-the-receiver-operating-characteristic (AUROC)
values across methods evaluated on held-out interactions from the same organism typically fall in the 0.85-0.95
range for the strongest sequence- and structure-aware deep learning approaches, but performance drops
substantially, often below 0.70 AUROC, when models are evaluated on proteins or organisms absent from training
data, a generalisation gap that we argue is the central unresolved problem in the field rather than a secondary
limitation. We further discuss how negative-sampling strategy, which varies substantially across benchmark
datasets and is rarely standardised, materially affects reported performance and complicates cross-study
comparison, and we review emerging structure-aware and multimodal approaches that combine sequence
embeddings with AlphaFold-predicted structural features as a partial response to the generalisation problem. We
conclude with a set of methodological recommendations -- standardised negative sampling, mandatory
cross-species or cross-protein-family held-out evaluation, and transparent reporting of training-test overlap -- that
we believe are necessary for the field to make its reported performance gains more comparable and more
trustworthy going forward.
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Protein-protein interactions underlie essentially every
cellular process, from signal transduction and metabolic
regulation to the assembly of macromolecular machines,
and mapping the interactome of an organism has long
been recognised as a foundational, if technically
demanding, goal of systems biology. Experimental
methods for interaction detection, including yeast
two-hybrid screening, affinity purification coupled to
mass spectrometry, and more recently proximity-labelling
approaches, have generated substantial interaction
datasets for well-studied model organisms, but
experimental interactome mapping remains costly,
labour-intensive, and prone to both false positives (from
non-physiological assay artefacts) and false negatives
(from interactions that are transient, condition-specific, or
simply missed by a given assay's technical limitations)
[6,14]. Computational prediction of protein-protein
interactions has therefore developed as a
complementary approach, aiming either to prioritise
candidate interactions for experimental validation or to
extend interactome coverage into organisms and
conditions where systematic experimental screening is
not practical.
Early computational approaches to PPI prediction relied
on shallow machine learning classifiers -- support vector
machines, random forests, and similar methods -- trained
on hand-engineered features such as amino acid
composition, predicted domain content, co-expression
correlation, phylogenetic co-occurrence, and gene
neighbourhood in bacterial genomes, an approach
exemplified by tools contributing to the STRING
database's integrated confidence scoring [9,21]. These
methods established that PPIs carry statistically
learnable signal even from relatively coarse features, but
their performance was fundamentally bounded by the
expressiveness of the hand-crafted feature set, and
different feature choices produced substantially different
accuracy across studies in ways that were not always
easy to reconcile. Network-topology-based link
prediction, which treats the known interactome as a
graph and predicts new edges from structural properties
such as common-neighbour count or more sophisticated
graph embeddings, offered a complementary signal
source but is inherently limited to proteins already
embedded in a reasonably dense known network,
making it poorly suited to genuinely novel or
understudied proteins [13,24].
The last several years have seen two developments that
substantially reshaped the field. First, deep learning
architectures -- convolutional and recurrent networks
operating directly on amino acid sequence, and
subsequently graph neural networks operating on
interactome topology -- allowed models to learn feature
representations rather than relying on hand-crafted ones,
with tools such as D-SCRIPT demonstrating that a
sequence-only deep model could achieve competitive
performance while remaining applicable to proteins with
no prior network context [7,18]. Second, the emergence

of large protein language models, pretrained on
hundreds of millions of sequences and able to produce
rich per-residue or per-protein embeddings, together with
the near-simultaneous arrival of AlphaFold and
AlphaFold-Multimer for high-accuracy structure and
complex prediction, gave PPI prediction methods access
to learned representations that capture evolutionary and
structural information far richer than earlier hand-crafted
features, and a growing body of work now combines
language-model embeddings with AlphaFold-derived
structural or confidence features explicitly for interaction
prediction rather than structure prediction alone
[2,19,31].
Despite this rapid methodological progress, comparing
reported performance across studies remains
surprisingly difficult, because benchmark datasets,
negative-sampling strategies, and train-test splitting
procedures vary substantially and are not always
reported with enough detail to allow independent
reproduction. In particular, a recurring methodological
concern is that many benchmarks split known
interactions randomly rather than by protein family or
organism, which allows a model to perform well simply
by having seen a highly similar protein pair during
training, inflating apparent accuracy relative to the
performance that would be observed on a genuinely
novel protein of applied interest [11,27]. This review
synthesises the major methodological families used for
PPI prediction, compares their reported performance on
shared or near-comparable benchmarks with explicit
attention to how negative sampling and train-test splitting
were handled in each case, and argues that closing the
generalisation gap between random and
protein-family-held-out evaluation, rather than further
improving in-distribution accuracy, should be the field's
central methodological priority over the coming years.

2. MATERIALS AND METHODS

This review is a narrative synthesis rather than a formal
systematic review with pre-registered protocol, but
literature identification and inclusion followed an explicit,
reproducible search and screening process described
below.

2.1 Literature search strategy

We searched PubMed, Google Scholar and arXiv (cs.LG
and q-bio.QM categories) for articles published between
January 2015 and December 2022 using combinations of
the terms 'protein-protein interaction prediction', 'machine
learning', 'deep learning', 'graph neural network
interactome', and 'protein language model interaction',
supplemented by forward and backward citation chaining
from key methodological papers identified in an initial
search pass. Conference proceedings from major
computational biology and machine learning venues
(ISMB, RECOMB, NeurIPS, ICML workshops on
computational biology) were searched directly where not
indexed in the above databases.
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2.2 Inclusion and exclusion criteria

Articles were included if they described a computational
method whose primary or a major stated purpose was
prediction of pairwise or higher-order protein-protein
interaction (physical binding or complex formation),
reported quantitative performance on at least one named
benchmark dataset, and provided enough
methodological detail to classify the approach's feature
representation and model architecture. Articles were
excluded if they addressed only interaction network
visualisation or database curation without a predictive
modelling component, or if they focused exclusively on a
narrower related task such as binding-affinity regression
for a single, already-known interacting pair rather than
interaction prediction itself. Of an initial 412 records
identified across all search strategies, 96 were selected
for detailed methodological classification, and of those,
41 reported performance metrics on benchmarks
sufficiently comparable to be included in the
cross-method performance synthesis presented here.

2.3 Method classification framework

Included methods were classified into five broad
categories based on their primary input representation:
(i) sequence-based classical machine learning, using
hand-crafted sequence or domain features with a shallow
classifier; (ii) network-topology-based link prediction,
using only existing interactome graph structure; (iii)
sequence-based deep learning, using learned
representations from raw sequence without a protein
language model backbone; (iv)
protein-language-model-based deep learning, using
embeddings from a pretrained model such as ESM or
ProtBERT; and (v) structure-aware deep learning,
incorporating AlphaFold-predicted structure, structural
embeddings, or docking-derived features. Methods
combining elements of multiple categories were
classified by their dominant or most novel input
representation as described by the original authors.

2.4 Performance comparison and generalisation assessment

For the 41 methods with comparable reported metrics,
we extracted AUROC and, where reported, area under
the precision-recall curve (AUPR), separately for
evaluations described by the original authors as random
(train-test split by individual interaction, allowing protein
overlap between splits) versus held-out (train-test split by
protein, protein family, or organism, preventing any
overlap). Where a study reported both evaluation types
for the same method, both values were retained to allow
direct within-study comparison of the generalisation gap;
where only one evaluation type was reported, the
method was retained in the relevant category only. No
new model training or benchmarking was performed as
part of this review; all reported values are as published
by the original authors.

3. RESULTS

Across the 41 methods included in the cross-method
comparison, median reported AUROC under random
(interaction-level) train-test splitting was 0.91
(interquartile range 0.86-0.95), with structure-aware deep
learning and protein-language-model-based methods
occupying the upper end of this range and classical
sequence-based shallow classifiers the lower end. Under
held-out (protein- or family-level) splitting, however,
median AUROC across the subset of methods reporting
this evaluation (n=19) fell to 0.68 (interquartile range
0.61-0.76), a substantial and consistent drop regardless
of method category. This gap was present, though
somewhat smaller in absolute terms, even for the
strongest protein-language-model-based methods,
indicating that access to richer learned representations
mitigates but does not eliminate the generalisation
problem. Table 1 summarises representative methods
from each category with their reported random-split and,
where available, held-out-split performance.
Table 1. Representative methods by category with reported
random-split and held-out AUROC.

Category
Representative
method

Input
representation

Random-
split
AUROC

Held-ou
t
AUROC

Sequence-
based
(shallow
ML)

PIPR-SVM class.
Hand-crafted
seq. features

0.84 0.63

Network-to
pology link
pred.

Node2vec-LP
Graph
embedding only

0.89 0.56

Sequence-
based deep
learning

DPPI (CNN)
Learned seq.
representation

0.90 0.66

Protein-lan
guage-mod
el-based

D-SCRIPT / PLM
class.

Pretrained
embeddings

0.93 0.73

Structure-a
ware deep
learning

AF-Multimer-infor
med

PLM + structural
confidence

0.94 0.79

AUROC values are median reported values per category across
the 41 methods included in the cross-method synthesis; see
Methods for classification and inclusion criteria.

Network-topology-based link prediction methods showed
the most severe held-out performance degradation of
any category, often approaching chance-level
performance (AUROC near 0.55) when evaluated on
proteins with no prior interactome context, which follows
directly from these methods' fundamental dependence
on existing network structure as their primary or sole
input signal. Sequence-based deep learning and
protein-language-model-based methods generalised
substantially better, consistent with these approaches
learning features from intrinsic protein sequence
properties that remain informative even for a protein
absent from any known interaction network.
Structure-aware methods incorporating
AlphaFold-derived structural or complex-confidence
features achieved the best held-out performance among
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all categories examined (median AUROC 0.79 among
the structure-aware subset reporting held-out
evaluation), though this category also had the fewest
methods reporting held-out results (n=4), reflecting both
its relative novelty and the substantial computational cost
of generating AlphaFold-Multimer-derived features at
benchmark scale. Figure 1 compares median
random-split and held-out-split AUROC across the five
method categories.

Figure 1. Median AUROC under random (interaction-level) versus
held-out (protein/family-level) train-test splitting across five
method categories, based on the 41 methods included in the
cross-method performance synthesis.

Negative-sampling strategy varied substantially across
the reviewed benchmarks and was identified as a further
source of cross-study incomparability. Approximately
60% of included studies (25 of 41) used randomly paired
non-interacting proteins as negatives, an approach now
recognised to systematically underestimate prediction
difficulty because randomly paired proteins are
frequently dissimilar in subcellular localisation,
expression pattern, or general biochemical compatibility
in ways that make them trivially distinguishable from true
interacting pairs without the model needing to learn
genuine interaction-relevant features. Studies using
more stringent negative sampling -- for example,
restricting negatives to protein pairs co-localised to the
same subcellular compartment, or using experimentally
determined non-interacting pairs from systematic
screens where available -- reported consistently lower
AUROC for the same or closely related methods, by a
median of 0.11 AUROC points relative to studies using
random negative sampling on comparable data, which
we interpret as evidence that much of the field's apparent
performance improvement over the past decade may be
partly attributable to increasingly informative model
architectures and partly to persistently lenient
negative-sampling practice that has not tightened at the
same pace. Table 2 summarises key benchmark
datasets used across the reviewed literature together
with their reported negative-sampling approach and
organismal scope.
Table 2. Key benchmark datasets used across the reviewed
literature.

Dataset
Organism
scope

Negative
sampling

Approx.
positive
interactions

HuRI (Human
Reference Interactome)

Human
Space-restrict
ed

~53,000

STRING
(high-confidence
subset)

Multi-species
Random
pairing

~500,000+

BioGRID (physical only) Multi-species
Not applicable
(curated)

~800,000+

Pan et al. yeast
benchmark

S. cerevisiae
Random
pairing

~11,000

DIP (Database of
Interacting Proteins)

Multi-species
Random
pairing

~28,000

Among the emerging structure-aware and multimodal
approaches, methods combining protein language model
sequence embeddings with AlphaFold-Multimer
predicted interface confidence metrics (such as predicted
aligned error at the putative interface) showed the most
promising combination of strong random-split
performance and comparatively preserved held-out
performance, though the computational cost of
generating AlphaFold-Multimer predictions for large
candidate interaction sets remains a practical barrier to
applying these methods at whole-interactome scale for
less-resourced research groups. Several reviewed
studies noted this cost explicitly as a limitation and
proposed two-stage pipelines in which a cheaper
sequence-only model first prioritises candidate pairs
before the more expensive structure-aware model is
applied only to the highest-priority subset, a design
pattern that appeared across multiple independent
groups and that we consider a sensible practical
compromise given current computational constraints.

4. DISCUSSION

The central finding of this review -- that reported PPI
prediction performance depends heavily on whether
evaluation is conducted at the interaction level or the
protein/family level, with a substantial and consistent gap
between the two -- has, in our view, not received
proportionate attention relative to the steady stream of
new architectures reporting incremental random-split
accuracy gains. A model that achieves 0.95 AUROC
under random splitting but drops to 0.65 under
protein-held-out evaluation is, for most realistic applied
use cases such as prioritising candidate interactions for a
poorly characterised or newly sequenced organism,
considerably less useful than its headline number
suggests, and we would argue that held-out evaluation
should be treated as a mandatory reporting requirement
rather than an optional supplementary analysis in future
methodological work [11,27].
The negative-sampling issue identified here compounds
the splitting-strategy problem in a way that is easy to
overlook when reading a single paper in isolation but
becomes apparent once performance is compared
across studies systematically, as we have attempted to
do here. We would encourage the field to converge on a
small number of standardised, publicly available
benchmark datasets with fixed, documented
negative-sampling procedures and fixed
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protein-family-held-out splits, analogous to the role that
standardised benchmarks such as CASP have played for
protein structure prediction, since without such
standardisation, comparing methods across papers will
continue to require the kind of post-hoc reclassification
exercise undertaken in this review rather than being a
straightforward matter of comparing published numbers
[16,33].
The relatively strong held-out performance of
structure-aware, AlphaFold-Multimer-informed methods
is encouraging but should be interpreted cautiously given
the small number of methods in this category reporting
held-out evaluation at all. AlphaFold-Multimer's own
accuracy is itself lower for interactions between proteins
with limited multiple-sequence-alignment depth or no
close structural homologue, so a PPI prediction method
built on top of AlphaFold-Multimer features inherits that
method's own generalisation limitations to some degree,
and it remains unclear from the current literature how
much of the improved held-out performance in
structure-aware methods reflects genuinely
interaction-relevant structural signal versus indirect
access to evolutionary information already partially
captured by protein language models [19,31].
Disentangling these contributions would require ablation
studies that few of the reviewed papers currently report.
A further limitation across the reviewed literature, distinct
from the splitting and negative-sampling issues already
discussed, is that most benchmark datasets and most
reviewed methods are heavily weighted toward
well-studied model organisms, particularly human and
yeast, for which large curated interaction datasets
already exist. Performance for non-model organisms,
including many agriculturally or environmentally
important species, is far less well characterised in the
literature we reviewed, and the handful of studies that did
evaluate cross-species transfer generally reported larger
performance drops than even the
protein-held-out-within-species comparisons
summarised above, suggesting that cross-species
generalisation may be an even harder and currently
under-studied problem than within-species generalisation
to novel proteins [24,35]. This is a practically important
gap given that computational interactome prediction is
arguably most valuable precisely for organisms where
systematic experimental interaction screening is not
available.
Finally, we note a methodological limitation of this review
itself: because we relied on performance metrics as
reported by original authors rather than independently
re-benchmarking methods on a common dataset,
differences in reported AUROC between studies partly
reflect genuine differences in benchmark difficulty and
partly reflect differences in reporting practice,
computational environment, and hyperparameter tuning
effort that we could not fully control for through literature
synthesis alone. A follow-up independent benchmarking
study, applying a representative subset of the methods

surveyed here to a single, carefully constructed
benchmark with standardised negative sampling and
family-held-out splitting, would substantially strengthen
the conclusions offered here and is, in our view, a
high-value next step for the field.

5. CONCLUSION

This review synthesised the major methodological
families used for computational protein-protein
interaction prediction -- classical sequence-based
classifiers, network-topology-based link prediction,
sequence-based deep learning,
protein-language-model-based deep learning, and
emerging structure-aware approaches built on
AlphaFold-Multimer features -- and compared their
reported performance across 41 methods with
sufficiently comparable benchmark reporting. The central
finding is a substantial and consistent gap between
performance under random, interaction-level train-test
splitting (median AUROC 0.91) and performance under
protein- or family-held-out splitting (median AUROC
0.68), a gap present across all method categories though
somewhat narrower for protein-language-model-based
and structure-aware approaches than for
network-topology-based methods. Negative-sampling
strategy was identified as a further, largely unaddressed
source of cross-study performance incomparability, with
studies using stringent negative sampling reporting
consistently lower accuracy than those using naive
random negative pairing. We recommend that the field
adopt standardised, publicly documented benchmark
datasets with fixed negative-sampling procedures and
mandatory protein-family-held-out evaluation as a
reporting requirement, and we highlight cross-species
generalisation to non-model organisms as a particularly
under-studied problem relative to its practical importance
for interactome prediction in organisms lacking large
curated interaction datasets. We intend to pursue an
independent benchmarking follow-up applying a
representative subset of the surveyed methods to a
single standardised, family-held-out benchmark, and we
encourage groups developing new PPI prediction
methods to report held-out performance and
negative-sampling procedure as a matter of course
rather than as optional supplementary material, so that
the genuine rate of progress in this fast-moving subfield
can be assessed with greater confidence than the
current literature, taken at face value, currently allows.
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