
Cite as: J. Zhang et al., Science 
10.1126/science.adt1630 (2025).  

 
 
 

  RESEARCH ARTICLES 
 

First release: 25 September 2025 science.org  (Page numbers not final at time of first release) 1
   
 

Detecting the interacting partners of proteins and determin-
ing the three-dimensional (3D) structures of protein com-
plexes are essential to understanding protein function (1). 
Large-scale experimental methods such as yeast two-hybrid 
(Y2H) and affinity-purification mass spectrometry (APMS) 
have been used to identify protein-protein interactions (PPI) 
across the human proteome (2). While powerful, these meth-
ods detect PPIs under non-physiological conditions and suf-
fer from considerable false-positive and false-negative rates 
(2). This is illustrated by the fact that although the human 
interactome is estimated to contain 74,000 to 200,000 PPIs 
(3), the experimental data from PPI databases, UniProt (4), 
BioGrid (5), and STRING (6), suggest that over 1 million (M) 
human PPIs may exist. Additionally, high-confidence PPIs 
from these databases show low consistency (Fig. 1A), with 
only 3988 PPIs regarded as confident by all three. 

Computational approaches have been developed to com-
plement experimental studies in resolving the human in-
teractome. They predict PPIs based on homology to known 
interacting partners, quality of the predicted interfaces, and 
functional associations between proteins (7–10). Coevolution-
ary analysis (residues at PPI interfaces coevolve to preserve 
their interactions) has been combined with 3D structure pre-
diction methods, such as AlphaFold (AF) (11) and Ro-
seTTAFold (RF) (12), to identify PPIs on a proteome-wide 
scale in bacteria and yeast (13, 14). The probability for any 

protein pair to interact is estimated by 1) constructing multi-
ple sequence alignments (MSAs) of orthologs of the two pro-
teins across many species, 2) concatenating sequences of the 
same species to build paired MSAs (pMSAs), and 3) inferring 
the probabilities of residue-residue interactions between the 
two proteins based on coevolution and complex structure 
modeling (15). 

Although similar approaches have been used to detect in-
teractions between select human proteins (16, 17), conducting 
a de novo proteome-wide PPI screen in humans remains chal-
lenging due to the daunting computational scale and limited 
number of animal genomes, which reduces the statistical 
power for detecting coevolution between human proteins. 
Our previously developed lightweight deep learning (DL) net-
works for rapid PPI screening, which performed well in bac-
teria (18) and yeast (14), are considerably less accurate in 
humans. Although AF2 achieves higher accuracy than our 
lightweight PPI networks, it requires excessive computa-
tional resources, making it impractical for proteome-wide ap-
plication. 

We set out to overcome these challenges and systemati-
cally identify human PPIs. To enhance the statistical power 
of coevolutionary analysis, we harnessed petabytes of un-
tapped genomic sequence data in draft eukaryotic genomes 
and genomic reads. To efficiently analyze hundreds of mil-
lions of human protein pairs, we developed a fast and 
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accurate method for PPI prediction by 1) optimizing the ar-
chitecture of state-of-the-art DL networks and 2) augmenting 
the training set of experimentally determined PPIs in the 
PDB with a much larger distillation set of domain-domain in-
teractions (DDIs) harvested from accurately predicted mono-
mer structures in the AlphaFold protein structure Database 
(AFDB) (19) based on the assumption that DDI interfaces re-
semble PPI interfaces in coevolutionary and physicochemical 
properties. 
 
Harnessing untapped genomic sequence data 
Biologists typically rely on databases with protein sequences 
annotated from genomes or from metagenomic assemblies. 
However, most available eukaryotic genomes, particularly an-
imal genomes, lack annotated protein sequences. Identifying 
protein-coding regions in eukaryotic genomes is non-trivial 
due to the complicated and frequent lineage-specific rules of 
translation initiation and mRNA splicing (20). Hence, it is not 
a routine practice to annotate and deposit the protein-coding 
sequences for draft eukaryotic genomes: among the 36,840 
eukaryotic genomes available at NCBI as of June, 2024, only 
7,355 (20%) were associated with annotated proteins. Moreo-
ver, assembling diploid, heterozygous, and repeat-rich eukar-
yotic genomes is challenging without long-read sequencing 
(21). The NCBI Sequence Read Archive (SRA) database has 
over 30 petabytes of shotgun sequencing reads, most of which 
remain unassembled and unanalyzed for protein-coding con-
tent. 

To enrich the coevolutionary signals in our MSAs, we 
mined the NCBI Genome and SRA databases to extract whole 
genome and whole transcriptome datasets for 21,414 diverse 
Eukaryotes, focusing on Chordates and Arthropods, two large 
phyla of higher Eukaryotes. We selected one representative 
genomic dataset per species, including 1) 2,424 species whose 
proteome sequences were previously annotated from ge-
nomes, 2) 6,863 species with draft genomes but no protein 
annotations, and 3) 12,128 species with whole genome or 
whole transcriptome shotgun reads. We developed a bioin-
formatic pipeline (supplementary methods M2) to assemble 
protein-coding sequences from each type of dataset, utilizing 
splicing-site-aware sequence aligners (22, 23) and reference 
protein sets from model organisms (Fig. 1B). All predicted 
protein sequences were aligned to their human orthologs, if 
available, and we used reciprocal best-hit criteria (24) to dis-
tinguish orthologs from paralogs. We name the resulting 
alignments omicMSAs, because they are directly derived from 
genomic data. Our omicMSAs include sequences from 21,414 
species spanning 9,905 genera, 2,727 families, and 626 orders, 
drastically expanding the taxonomic diversity of available 
protein sequences in UniRef100, which only contains 3,082 
species (Fig. 1C). The pMSAs built from omicMSAs are thus 
manyfold deeper than those built using eukaryotic sequences 

in UniRef100. 
We reasoned that the rich evolutionary information in 

omicMSAs should improve the ability of DL networks to dis-
tinguish true PPIs from false ones. We tested this hypothesis 
using benchmarks derived from PPI databases. There are 
75,739, 77,147, and 68,761 confident human PPIs from UniRef, 
BioGrid (multi-validated), and STRING (physical interactions 
with combined score > 700), respectively. However, only 
3,988 (5.3–5.8%) PPIs are shared by all (Fig. 1A), from which 
we selected 3,000 positive control pairs (data S1). The nega-
tive control set contains 30,000 random pairs of human pro-
teins showing no evidence for their interactions (data S1). We 
used precision-recall curves to evaluate the performance of 
different MSAs and DL networks. Because the signal-to-noise 
ratio for proteome-wide PPI screening is approximately 
1:1000 (74k–200k true PPIs out of 200M pairs) (25), we down-
weighted each positive control pair by a factor of 100 when 
computing precision to mirror this ratio. 

We compared omicMSAs against MSAs built by other 
commonly used strategies. The first is HHblits (26) against 
UniRef, a widely used approach to prepare MSA inputs for 
RF and AF. HHblits by default filters the output MSAs at 90% 
sequence identity, and we named this strategy UniRef90. Fil-
tering MSAs before building pMSAs drastically reduces the 
number of taxa that can be paired; to increase pMSA depth, 
we disabled this filter and termed the alternative strategy 
UniRef100. Metagenomic sequences are frequently used to 
obtain deeper MSAs and improve structure prediction (27). 
We used the ColabFold MSA pipeline (28) to combine UniRef 
and metagenomic sequences. 

We found that omicMSA led to the best performance for 
all the tested methods (fig. S8), including RF-2t used in our 
previous yeast PPI screen (14), the newly developed RF2-PPI 
in this study, and AF2, in distinguishing true PPIs from ran-
dom pairs (red curves in Fig. 1, E to G). The ColabFold MSA 
(grey curves in Fig. 1, E to G) improves over UniRef100 when 
used with AF2, but not other tools. Metagenomic data, mostly 
sequenced from environmental samples, do not contain se-
quences of multicellular Eukaryotes and are not annotated 
with the assumption of mRNA splicing (29); thus, they do not 
necessarily improve human PPI prediction. In contrast, we 
focused on assembling sequences from genomic data of ani-
mals with pipelines aware of mRNA splicing. All the tools we 
tested were trained using MSAs built from UniRef and meta-
genomic sequences, and they are not adapted to work with 
omicMSA. Thus, the superior performance of omicMSA 
demonstrates the power of stronger evolutionary signals 
gleaned from a much wider range of taxa. The available eu-
karyotic genomic data are constantly growing (~20% more 
species per year), providing even greater potential in the fu-
ture. 
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RoseTTAFold2-PPI: A DL network for rapid PPI  
identification 
Although intra- and intermolecular contacts are governed by 
the same physicochemical rules, intermolecular contacts are 
more frequently transient and contain a higher fraction of 
electrostatic interactions (30). AlphaFold-multimer (AFmm) 
(31) and AlphaFold3 (AF3) (32) were trained with PPIs in the 
PDB to improve their ability to model the 3D structures of 
protein complexes. However, such a training regime and in-
ference goal may not improve a DL network's ability to dis-
tinguish true PPIs from non-interacting proteins. Without 
exposure to non-interacting protein pairs, the network may 
fail to learn that most protein pairs do not interact, resulting 
in a bias toward producing interacting structure models in-
discriminately. Trained on PPIs from the PDB and optimized 
for speed, we developed RF2-lite (13) to distinguish true PPIs 
from random pairs. RF2-lite is 10 times faster than AF2, but 
shows considerably lower accuracy than AF2. We reason that 
one factor limiting the accuracy of current methods is the 
amount of training data. At 30% sequence identity, there are 
24,358 clusters of heteromeric PPIs in the PDB (December, 
2023), among which many pairs are human proteins or their 
close homologs (MMseqs e-value < 0.00001, identity > 30%); 
after removing these complexes to avoid information leakage 
for human PPI prediction, only 13,231 clusters remain (Fig. 
2A, left). 

AlphaFold2 enhanced its outstanding performance 
through self-distillation, a process where it was trained on 
high-confidence predictions from an earlier version of the 
model (11). This suggests that high-quality predictions of pro-
tein complexes should similarly improve the performance of 
PPI prediction networks. However, despite over 200M pre-
dicted structures of protein monomers in AFDB (33), pre-
dicted complex structures remain scarce. We hypothesized 
that extracted DDIs from the 200M AF2 models in the AFDB 
(33) could substantially enlarge the training dataset for PPI 
prediction networks and improve performance. Domains are 
structural and evolutionary units that are recombined to cre-
ate proteins throughout evolution (34), and the interfaces be-
tween domains of the same protein closely resemble those 
between distinct protein partners (35). 

We previously developed a method to segment AF2 mod-
els into domains based on structural features (inter-residue 
distances and predicted aligned errors (PAEs)) and homology 
to previously classified domains from PDB entries (36). We 
repurposed this method to integrate structural features and 
domain annotations of UniProt entries from InterPro (37) 
(Fig. 2B and supplementary methods M3.2). We found 12.4M 
multi-domain proteins among the 53.7M AFDB models fil-
tered at 50% sequence identity (38). These models contain 
22.6M high-quality (mean PAE within domains < 8) domain 
pairs from the same proteins. We focused on pairs with at 

least 25 inter-residue contacts (distance < 6Å) and high con-
fidence in their interaction (mean inter-domain PAE < 8), re-
sulting in 1M DDIs. Clustering these DDIs at 30% sequence 
identity and removing close homologs of human proteins re-
sulted in 223,441 clusters (Fig. 2A, right), 17-fold larger than 
the PDB PPI training set. 

We used both the PDB PPI and AFDB DDI sets to develop 
RF2-PPI based on the RF2 architecture (39), which integrates 
the MSA, inter-residue, and 3D structure features through at-
tention-based blocks (Fig. 2C). Additionally, we included 
monomeric 3D structures to ensure that RF2-PPI learns prin-
ciples of protein folding; we added negative controls (random 
protein or domain pairs from the same organism with no ev-
idence of being functionally related) to ensure that RF2-PPI 
learns to distinguish interacting partners from random pairs. 
The monomers, positive DDIs, negative DDIs, positive PPIs, 
and negative PPIs were combined at a 2:1:1:1:1 ratio to gener-
ate the training dataset. 

We explored a number of strategies to optimize the per-
formance of RF2-PPI (supplementary methods M4.2); we 
found that adding the DDI training set and removing the 3D 
structure features remarkably improved its performance 
(figs. S17 and S18). The latter may be because weak human 
PPIs are frequently mediated by simple motifs (single helices 
or intrinsically disordered regions (IDRs)), but training data 
are dominated by interactions with larger interfaces. Direct 
integration of 3D features may drive the network to empha-
size on the geometric and chemical complementarity at the 
PPI interfaces instead of the coevolutionary signals essential 
for predicting weak PPIs. The 3D structure module of AF2 is 
not directly integrated into the Evoformer, its core module 
for decoding coevolutionary signals, possibly allowing AF2 to 
better balance coevolutionary signals and physicochemical 
properties. 

We compared the performance of RF2-PPI with the Colab-
Fold pipeline, AF3 web server widely used by the scientific 
community, and other methods. Using area under the preci-
sion and recall curve (AUCPR) as a metric, RF2-PPI (orange 
in Fig. 2D) showed a 1.7-fold improvement over our previous 
method, RF2-lite (gold in Fig. 2D). When combined with 
omicMSAs, RF2-PPI (red in Fig. 2D) slightly outperforms the 
ColabFold pipeline (grey in Fig. 2D) in its ability to identify 
true PPIs. More importantly, RF2-PPI combined with omic-
MSA shows substantially improved recall at high precision 
(80% or 90%), making it well-suited for generating high-qual-
ity PPI predictions. AFmm (cyan in Fig. 2D) and AF3 (green 
in Fig. 2D), despite superior performance in modeling 3D 
structures of protein complexes, show substantially worse 
performance than RF2-PPI in distinguishing true PPIs from 
random pairs. The inferior performance of AFmm and AF3 is 
also related to the low signal-to-noise ratio (1:1000) associ-
ated with de novo PPI screens; at a signal-to-noise ratio of 
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1:10, AFmm and AF3 will outperform AF2 and other methods 
(fig. S31). The best performance for a de novo PPI screen is 
achieved when AF2 is used in combination with omicMSAs 
(blue in Fig. 2D). 

We further evaluated the performance of RF2-PPI and 
AF2 in distinguishing PPIs derived from human protein com-
plexes with experimentally determined structures (data S2). 
The availability of 3D structural data enabled us to stratify 
these interactions by interface size: large interfaces typically 
correspond to strong, permanent interactions, whereas small 
interfaces are more often associated with weak, transient 
PPIs (40). We observed that the performance of both RF2-PPI 
and AF2 correlates with interface size; strong interactions 
with large interfaces are more reliably predicted (Fig. 2E). 
However, weak and transient interactions, which are chal-
lenging to detect experimentally (40), also pose a challenge 
for these computational methods. Notably, although AF2 out-
performs RF2-PPI in predicting strong interactions, RF2-PPI 
shows an advantage in distinguishing weak interactions from 
random, non-interacting pairs, likely due to its emphasis on 
coevolution instead of PPI interface quality. 

To improve computational efficiency, we reduced the 
number of Evoformer-like blocks and streamlined the data 
processing pipeline in RF2-PPI. As a result, RF2-PPI is 50% 
faster than our previous model, RF2-lite, and approximately 
20 times faster than AF2 (Fig. 2F). We employed both RF2-
PPI and AF2 to identify and model human PPIs. RF2-PPI en-
abled large-scale, proteome-wide screening, while AF2 was 
used to generate high-quality 3D structural models for PPI 
candidates detected by the former. 
 
Proteome-wide identification of human PPIs 
Equipped with omicMSA and RF2-PPI, we set out to compre-
hensively predict the human interactome. Our analysis fo-
cused exclusively on identifying heteromeric PPIs, as 
homomeric interactions among human proteins have already 
been systematically predicted in previous studies (41). More-
over, heteromeric interactions are more diverse and function-
ally informative, making them a higher priority for 
expanding our understanding of cellular interaction net-
works and their underlying biology. 

Using the 20,504 AF2 modeled monomeric human pro-
teins from AFDB, we identified domains based on structural 
compactness (36) and evolutionary conservation (37). We in-
cluded these domains and relatively conserved residues in 
the inter-domain linkers (conservation > 25% quantile of res-
idues in domains) in our screen. Excluding regions that are 
poorly conserved and lack a rigid 3D structure improves the 
performance of our PPI screen pipeline (fig. S8). To fit within 
limited GPU memory, we split large proteins into segments 
with few inter-residue contacts and flexible relative orienta-
tion (supplementary methods M5.1). In total, we included 

19,528 proteins in our screen, excluding a small fraction 
(4.8%) of proteins due to size, compactness, or conservation. 
The proteins included in our screen comprise a total of 9.5M 
residues, of which 6.1M (64%) are located within evolutionary 
domains. In addition, we included 1.0M relatively conserved 
residues from inter-domain linkers. Although these residues 
represent only 29% (1.0/(9.5–6.1)) of all inter-domain linker 
regions, our analysis of human protein complexes with struc-
ture templates in PDB suggests that they are expected to ac-
count for 56% of PPIs mediated by inter-domain linkers (fig. 
S23). 

We began with an unbiased systematic search for PPIs 
across the 191M protein pairs formed by these 19,528 pro-
teins. To make the search more tractable, we restricted our 
analysis to protein pairs localized within the same cellular 
compartment (CC), as well as poorly characterized proteins 
with unknown subcellular localization, based on UniProt key-
word annotations. We analyzed 53.8M pairs sharing CC an-
notations and 57.4M pairs involving proteins without CC 
annotations sequentially through Direct Coupling Analysis 
(DCA) (42), RF2-PPI, and AF2 (Fig. 3A, middle). Although 
DCA, a statistical method to detect coevolution, shows con-
siderably worse performance (Fig. 3B, left) than the state-of-
the-art DL tools, it is 5-fold faster than RF2-PPI and we used 
it to select 43.6M (40%) pairs. Based on our benchmark, most 
(over 80%) pairs showing high interaction probability by 
RF2-PPI or AF2 will pass this DCA pre-filter (table S4). We 
applied RF2-PPI on the 43.6M pre-filtered protein pairs (sup-
plementary methods M5.4) to predict their interaction prob-
abilities (RFIntProb). Of these, 1.9M pairs with RFIntProb above 0.3 
(Fig. 3B, middle) advanced to the next stage, where AF2 was 
used to generate a 3D model and estimate another interac-
tion probability (AFIntProb) for each pair. Pairs with high AF-
IntProb (Fig. 3B, right) were selected, resulting in 6,763 
predicted PPIs at an estimated precision of 80%, or a more 
stringent subset of 4,379 pairs at an estimated precision of 
90% (supplementary methods M5.6). 

We complemented the above de novo pipeline by carrying 
out a second screen incorporating the extensive information 
about human genetic associations and physical interactions 
derived primarily from high throughput experiments. Ge-
netic associations between proteins do not imply direct inter-
actions and many experimental screens that identify physical 
interactions are plagued by false positives. Evaluating such 
indirect evidence and noisy experimental data with our in sil-
ico pipeline allows us to identify a smaller set of PPIs with 
high confidence. Prior evidence of interactions allowed us to 
use lower RFIntProb and AFIntProb cutoffs while maintaining the 
same level of expected precision (supplementary methods 
M5.6). As shown in Fig. 3, C and D, predicting PPIs between 
random protein pairs with high confidence requires a strin-
gent cutoff that is typically close to 0.99. In contrast, when 
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prior evidence for interaction is available, RFIntProb or AFIntProb 
thresholds can be substantially lower while maintaining the 
same level of confidence. 

Among the 5.23M genetically associated pairs from 
STRING, we predicted 9,428 PPIs at 80% precision and 7,201 
at 90% precision. Similarly, from the 1.15M protein pairs with 
prior evidence of physical interactions from UniProt, Bi-
oGRID, and STRING, we identified 21,960 PPIs at 80% preci-
sion and 14,129 at 90% precision. Together, the de novo 
(unbiased) and evidence-guided pipelines allowed us to pre-
dict 29,257 PPIs at an estimated precision of 80% (data S3), 
corresponding to a recovery of 12–32% of the human interac-
tome. A more stringent subset includes 17,849 predicted PPIs 
at 90% estimated precision (data S4), with an estimated recall 
of 8–22% (supplementary methods M5.6). We focused on this 
set of high-confidence predictions for our subsequent in-
depth analyses, but we share the full set of predictions with 
the scientific community at http://prodata.swmed.edu/hu-
manPPI. 
 
Integration of predicted PPIs with human protein 
knowledge bases 
We compared our predictions against PPIs from other data-
bases (Fig. 3E and fig. S25). We reasoned that the fraction of 
PPIs from another source that can be identified by our in sil-
ico screen (fAI|DB) reflects the precision of PPIs in that data-
base, which can be computed as preDB = fAI|DB/recAI. Based on 
our estimates (Fig. 3F and table S8), PPIs with orthologous 
PDB templates are almost always true. Comprehensive PPI 
databases such as STRING (physical interactions only) and 
BioGRID contain a large number of PPIs at low precision (6–
23%). However, the smaller high-confidence subsets provided 
by each database have higher precision (34%–100%). PPIs in 
three widely used resources, UniProt, HuRI (43), and Bioplex 
(44), show only moderate precision (13–57%). While genetic 
associations in STRING and homologous (but not ortholo-
gous) structural templates from the PDB may support the ex-
istence of PPIs, they do not provide direct evidence of 
physical interactions and exhibit low precision (1–3%). 

Compared to PPIs documented in databases, our pre-
dicted PPIs—similar to those supported by orthologous PDB 
templates—show a much stronger tendency to share the same 
biological process (BP; Fig. 3G, left) and cellular component 
(CC; Fig. 3G, right) annotations in UniProt. Confident physi-
cal interactions curated by STRING also exhibit a high degree 
of biological process and cellular component concordance, 
although this may partly reflect STRING’s use of functional 
criteria in selecting high-confidence PPIs. These observations 
support the high accuracy of our predictions and suggest that 
they can be used to infer the functions and subcellular local-
izations of poorly characterized proteins by linking them to 
well-annotated interaction partners. 

We computed 3D structures of predicted PPIs using AF2 
and AFmm and selected the best models (supplementary 
methods M6.2). We compared the structural properties of 
predicted PPIs against 9,725 human PPIs with orthologous 
templates in the PDB. Similar to PDB complexes, most (71%) 
predicted PPIs are primarily mediated by globular domains. 
PPIs mediated by inter-domain linkers (flexible helices or 
IDRs) are less frequent among our predictions compared to 
those observed in PDB complexes (Fig. 3H). This likely stems 
from our exclusion of poorly conserved regions in inter-do-
main linkers, which tend to increase false positives in our 
prediction pipeline. 

It is important to note that PPIs mediated by IDRs typi-
cally involve small interfaces and are inherently more diffi-
cult to predict using RF2-PPI or AF2 (Fig. 2E). These 
interactions also often evade detection by experimental struc-
ture determination methods (45). Consequently, they are un-
derrepresented both in our predicted PPIs and in 
experimentally resolved structures. In reality, IDR-mediated 
interactions are expected to constitute a substantial portion 
of the human interactome, and accurately identifying them 
and characterizing their structural features remains a major 
challenge for both computational and experimental ap-
proaches. 

A higher fraction of predicted PPIs involve transmem-
brane helices (TMHs) at the interfaces than experimentally 
determined protein complexes. We wondered if the hydro-
phobic nature of TMHs makes them prone to false positives 
because DL networks might have learned to pack hydropho-
bic TMHs against each other even if they do not coevolve or 
interact in vivo. We tested the performance of our pipeline 
on pairs of transmembrane proteins (TMPs) and found that 
it predicts a larger fraction (magenta versus blue curves in 
Fig. 3I) of their interactions at a high precision, including 
those mediated by single-TMH proteins. These observations 
suggest that our pipeline is suitable for identifying interac-
tions between TMPs, which are hard to detect experimentally 
(46). 

Our 3D models of the high-confidence (90% precision) 
PPI predictions nearly triple the number of human PPIs with 
high-quality 3D structures. Thousands of post-translational 
modification (PTM) and functional (active and substrate/co-
factor binding) sites map to the experimentally determined 
and predicted PPI interfaces (Fig. 3J, left and middle), repre-
senting a moderate fraction of all such annotated sites in hu-
man proteins (8.1% for PTMs and 12.7% for functional sites). 
Our models thus offer a rich resource for uncovering mecha-
nistic insights into protein function. Furthermore, about 16k 
(15.3%) disease-associated single amino acid variations 
(SAVs) can be (supplementary methods M6.2) (47–49) 
mapped to the predicted or experimentally determined PPI 
interfaces (Fig. 3J, right). Among our high-confidence 

D
ow

nloaded from
 https://w

w
w

.science.org at U
niversity of W

ashington on O
ctober 07, 2025

https://science.org/
http://prodata.swmed.edu/humanPPI
http://prodata.swmed.edu/humanPPI


First release: 25 September 2025  science.org  (Page numbers not final at time of first release) 6 
 

predictions, 4,950 PPIs contain SAVs at their interfaces. 
These findings underscore disruption of PPIs as a common 
mechanism for genetic disorders and establish our predic-
tions as a valuable resource for elucidating the molecular ba-
sis of human diseases. 
 
Functional insights from predicted PPIs 
Among the 17,849 predicted PPIs in our high-confidence set, 
3,037 (17%) have orthologous PDB templates, another 11,181 
(63%) are reported in PPI databases (UniProt, BioGRID, and 
STRING physical), and the remaining 3,631 pairs (20%) are 
not present in these established source of PPIs (Fig. 4A). 
Many of these uncharacterized PPIs are indirectly supported 
by other evidence such as genetic interactions in STRING and 
homologous (not orthologous) templates in the PDB. Our lit-
erature search showed some have been experimentally tested 
but are not yet propagated into these databases. Based on a 
recent catalog of poorly characterized proteins (50), 1,413 pre-
dicted PPIs involve proteins of unknown function wherein 
linking these proteins to well-characterized binding partners 
provides a shortcut to investigate their function (data S5). For 
our in-depth analysis, we prioritized 2,700 PPIs that are ab-
sent from PPI databases and lack homologous PDB templates 
(data S6). We classified predicted PPIs into functional cate-
gories according to UniProt keywords, and found categories 
enriched (P-value < 0.05) among these least known PPIs (Fig. 
4B). Focusing on several of these categories, we highlight how 
our predictions can uncover unrecognized functional insights 
and help elucidate mechanisms of disease (Fig. 4, C to H, and 
supplementary results R4). 
 
G protein-coupled receptors (GPCRs) 
GPCRs are a large family of TMPs that detect extracellular 
signals and mediate cellular responses. They play vital roles 
in human physiology and are important drug targets (51). We 
detect interactions not present in current PPI databases be-
tween GPCRs and their putative downstream signaling mol-
ecules, ligands, or modulators. For example, we predict an 
interaction between G-protein coupled receptor 143 (GPR143) 
and BLOC-3 complex member HPS1 (Fig. 4C). GPR143 is an 
atypical GPCR localized in endolysosomes and melanosomes, 
while HPS1 is a component of a guanine nucleotide exchange 
factor (GEF) complex that activates Ras-related GTPase 
RAB32 and RAB38. The GPR143-HPS1 interaction is intri-
guing because both proteins are expressed in melanosomes, 
involved in melanosome biogenesis, and associated with al-
binism (52). Notably, four SAVs in GPR143 associated with 
Ocular Albinism Type 1 are located within the predicted 
GPR143-HPS1 interface (magenta box in Fig. 4C), supporting 
our prediction and suggesting that disruptions in this inter-
action may contribute to disease pathogenesis. 

We also predict an interaction between C5a anaphylatoxin 

chemotactic receptor 2 (C5AR2) and neutrophil elastase 
(ELANE), a serine protease (Fig. 4D). The former is a receptor 
for C5a, a potent inflammatory mediator that modulates im-
mune responses, particularly in myeloid cells such as neutro-
phils (53). The latter is also predominantly found in 
neutrophils and can inhibit C5a-dependent chemotaxis and 
neutrophil function (54). This predicted C5AR2-ELANE inter-
action suggests that ELANE is a negative modulator of 
C5AR2, supported by their association with neutrophils and 
opposite roles in chemotaxis. Specifically, ELANE appears to 
inhibit C5a-dependent neutrophil responses, which are medi-
ated by C5a anaphylatoxin chemotactic receptor 1 (C5AR1) 
and C5AR2. Five SAVs in ELANE associated with Cyclical 
Neutropenia, a hematologic disorder, are located in the pre-
dicted ELANE-C5AR2 interface (magenta box in Fig. 4D), 
supporting our prediction. 
 
Immune system proteins 
The evolutionary arms race between hosts and pathogens 
drives hosts to deploy a wide array of mechanisms to defend 
against infectious organisms. 263 of the least known PPIs 
(Fig. 4B) involve immunity proteins, many of which mediate 
innate immunity signaling pathways. For instance, we pre-
dict an intriguing interaction between a deubiquitinase, OTU 
domain-containing protein 4 (OTUD4), and an E3 ubiquitin 
ligase, ankyrin repeat and SOCS box protein 8 (ASB8) (Fig. 
4E). OTUD4 removes ubiquitin chains from mitochondrial 
antiviral-signaling protein (MAVS), an innate immune 
adapter that detects viral RNA, preventing its degradation 
(55); in contrast, ASB8 introduces polyubiquitins on the 
downstream protein kinase TBK1, promoting its degradation 
(56). We speculate that an interaction between these two pro-
teins may help maintain a balance between activation and 
termination of innate immunity signaling. 

Other uncharacterized PPIs we predict involve proteins 
with roles in the differentiation and activation of specialized 
immune cells. For instance, killer cell lectin-like receptor sub-
family G member 1 (KLRG1) is a TM receptor that inhibits the 
activity of natural killer cells and effector T cells (57). The ex-
tracellular domain of KLRG1 is predicted to interact with toll-
like receptor 3 (TLR3), a key player in recognizing double-
stranded RNA and inducing immune responses (58). Muta-
tions associated with a rare inherited immunodeficiency dis-
order causing susceptibility to Herpes simplex viruses 1 
encephalitis, are located at the interface between KLRG1 and 
TLR3 (magenta box in Fig. 4F), supporting our prediction. 
This interaction suggests that part of KLRG1's inhibitory role 
might lie in deactivating TLR3’s function as a pattern recog-
nition receptor. 
 
Mitochondrial targeting proteins 
More than half of the previously unidentified interactions 
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(1,556 / 2,700) involve TMPs. These TMPs are frequently lo-
cated in cellular organelles, such as mitochondria, ER, Golgi 
apparatus, or lysosomes (Fig. 4B). Many of the PPIs we pre-
dict in the mitochondria are associated with the assembly of 
mitochondrial complexes that form the respiratory electron 
transport chain. For example, we identified an interaction be-
tween cytochrome c oxidase subunit 2 (MT-CO2), a subunit 
of complex IV, and cytochrome c oxidase assembly protein 
COX20 (COX20), a known complex IV assembly factor (Fig. 
4G). Our predictions also reveal several proteins of unknown 
function that may serve as assembly factors for key mitochon-
drial complexes. Notably, we predict an interaction between 
the uncharacterized protein C8orf82 and the electron trans-
fer flavoprotein (ETF) complex, composed of ETFA and ETFB. 
This prediction suggests that C8orf82 may function as a chap-
erone or scaffold to facilitate ETF complex assembly, or a reg-
ulatory subunit modulating ETF activity under specific 
metabolic conditions. Disease-associated SAVs at the pre-
dicted PPI interfaces (magenta boxes in Fig. 4, G and H) sup-
port the functional relevance of these interactions and 
underscore their potential to provide insights into the molec-
ular mechanisms of human disease. 
 
Higher order oligomeric complexes 
By integrating our predictions and PPIs derived from orthol-
ogous PDB templates, we identify 404 predicted multi-pro-
tein complexes, wherein each component interacts with at 
least two other components (supplementary methods M6.3 
and data S7). We classify PPIs in these complexes into three 
categories: (1) with experimental structures; (2) confident en-
tries of PPI databases; and (3) no or weak experimental sup-
port. We focus on putative complexes dominated by PPIs 
lacking confident experimental support (3rd category). Pre-
dicting their existence and modeling their 3D structures open 
new directions for future studies. 

For example, tubulin polyglutamylase (TPG) is an enzyme 
complex responsible for adding polyglutamate chains to the 
C-terminal tail of tubulin, a modification important for the 
regulation of microtubule functions (59). In addition to the 
catalytic subunit TTLL1, the TPG complex is known to con-
tain four other subunits: TPGS1, TPGS2, LRRC49 and NICN1 
(60). We predict three additional subunits of TPG: TBC1D19, 
CSTPP1, and SANBR, each interacting with multiple known 
TPG components (Fig. 5A). TBC1D19 is the central compo-
nent of the complex, interacting with five other subunits 
(TTLL1, LRRC49, NICN1, TPGS1, and SANBR). TBC1D19 and 
SANBR directly interact with the catalytic subunit TTLL1 via 
interfaces away from its ATP binding and catalytic sites, pos-
sibly affecting the activity of TTLL1 by allosteric regulation. 

Another predicted complex consisting of NOL10, UTP25, 
DDX47, ESF1, ABT1, and DDX49, could link the regulation of 
basal transcription with ribosome biogenesis (Fig. 5B). ABT1 

and its interacting partner ESF1 are suggested to regulate ba-
sal transcription (61), while UTP25 and DDX47 are implicated 
in ribosome biogenesis (62). These two processes must be co-
ordinated to ensure that transcribed mRNAs can be effi-
ciently translated into proteins. The central component, 
NOL10, is a poorly characterized nucleolar protein made of 
an N-terminal beta-propeller domain and C-terminal flexible 
helices. The connection between this complex and the ribo-
some is also supported by its predicted interactions with ri-
bosomal proteins via ESF1, DDX47, and NOL10; the N-
domain of NOL10 is even part of an experimental ribosome 
structure (PDB: 7MQ8). Future studies of this putative com-
plex may reveal additional insights about the coordination 
between the fundamental processes of transcription and 
translation. 

We predict several complexes composed of proteins in-
volved in the biogenesis of cilia and flagella (Fig. 5C and fig. 
S40), two cellular organelles that share molecular machiner-
ies during their formation. The flagellum enables sperm to 
swim toward and fertilize the egg, linking these complexes to 
sperm motility and reproduction. The first predicted complex 
includes CATIP, RIIAD1, MDH1B, CFAP91, AKAP14, AK9, and 
MORN5, among which CFAP91, an intrinsically disordered 
protein, serves as a scaffold to assemble all but one (RIIAD1) 
other protein. Involvement of this complex in flagella biogen-
esis and sperm motility is supported by several facts: 1) 
CFAP91 and CATIP participate in cell skeleton organization 
during cilia/flagella biogenesis (63, 64); 2) AK9 affects sperm 
mobility (65); and 3) defects in CATIP and AK9 are associated 
with asthenozoospermia (64, 65). 
 
Additional components of existing protein complexes 
We predict 139 additional components of known human pro-
tein complexes (supplementary methods M6.3 and data S8) 
in the complex portal database (66). Each additional compo-
nent is predicted to interact with at least two subunits of a 
known complex and primarily interact (>50% of predicted 
PPIs) with this complex. For example, LYAR, a nuclear pro-
tein involved in rRNA processing (67), is predicted to interact 
with two telomere maintenance complex (TMC) proteins, 
DKC1 and GAR1 (Fig. 5D). Further components of TMC in-
clude NOP10, NHP2, and WRAP53, and they participate in 
the processing and trafficking of the RNA template used to 
synthesize telomeric DNA (68). Multiple components of the 
TMC, including DKC1, GAR1, NOP10, and NHP2, have been 
shown to participate in rRNA processing and ribosome bio-
synthesis (68). The binding of LYAR to these components 
may enable the TMC to process rRNA instead of telomeric 
RNA templates. 

We identify an additional subunit to the Glycosylphospha-
tidylinositol-N-acetylglucosaminyltransferase (GPI-GnT) 
complex, which catalyzes the first step of GPI anchor 
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biosynthesis (69). The GPI-GnT complex consists of seven 
subunits: PIGA, PIGC, PIGH, PIGP, PIGQ, PIGY, and DPM2 
(69), and its 3D structure remains unresolved. ARV1, a TMP 
found to be related to GPI biosynthesis (70), is predicted to 
interact with PIGC and PIGQ. Our 3D model of the GPI-GnT 
complex with ARV1 (Fig. 5E) shows that a hydrophobic helix 
(residues 422-442) in the catalytic subunit, PIGA, is posi-
tioned in parallel to the membrane and docked onto a het-
erotrimer of the 2-pass TMPs: PIGP, PIGY, and DPM2. ARV1 
(5 TMHs) is positioned between PIGC (8 TMHs) and PIGQ, 
and several hydrophobic helices of PIGQ lie in parallel to the 
membrane. These subunits form a ring-like structure with a 
large cavity in the middle of the membrane that could facili-
tate substrate binding or transport of the product. 

Finally, we predict an additional component of the MKS 
transition zone complex (TZC) located between the basal 
body and axoneme of cilia and flagella (71). Predicted PPIs 
between TZC components enabled us to model a large com-
plex (Fig. 5F) spanning the extracellular (TCN2 and 
TMEM231), membrane (TMEM17, TMEM107, TMEM138, and 
TMEM237), and cytoplasmic space (MKS1, B9D1, B9D2, and 
CC2D2A). TMEM138 has been suggested to localize to the 
transition zone based on immunofluorescence assays and is 
associated with the same ciliopathies as other transition zone 
proteins (72). We further predict TMEM138 as a subunit of 
TZC, sandwiched between TMEM17 and TMEM237 in our 
computed model. We included one copy of each TZC subunit 
in our model; however, it is likely that these proteins will 
homo-oligomerize to form a much larger complex that con-
stitutes the transition zone. 
 
Conclusions 
Despite major advances in monomeric and oligomeric pro-
tein structure prediction using DL networks, distinguishing 
the 74k-200k true PPIs among the 200M total pairs of human 
proteins has remained a grand challenge. Here, we tackle this 
challenge by leveraging the largest sequence and structure 
datasets available and focusing on two key innovations: 1) 
strengthening the coevolutionary signals between interacting 
proteins using 7-fold deeper MSAs directly assembled from 
genomic data and 2) developing RF2-PPI, a new, efficient DL 
network trained on 17-fold larger datasets derived from pre-
dicted DDIs, to differentiate true PPIs from random protein 
pairs. These improvements enabled us to systematically iden-
tify human PPIs on a proteome-wide scale, predicting 18k in-
teractions with an expected precision of 90%. These 
predictions include more than 3.6k previously unknown PPIs, 
particularly among transmembrane proteins that are chal-
lenging to characterize experimentally. These predictions 
should offer numerous valuable insights into human biology 
and diseases, as illustrated by our biological vignettes. 

There remain many future challenges for understanding 

the human 3D interactome. We can only confidently predict 
a small fraction of human PPIs (12–32%), and capturing the 
weaker and transient interactions, frequently mediated by 
IDRs, remain challenging for computational methods. We ex-
pect the power of our approach will continue to expand as 
more sequence and structure data become available and DL 
techniques advance. By seamlessly integrating these rapidly 
advancing computational approaches with rigorous experi-
mental studies, we are poised to accelerate the comprehen-
sive characterization of the human interactome, thereby 
unlocking new insights into human biology and diseases. 

Materials and methods are available in the supplementary 
materials. 
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Fig. 1. OmicMSAs enrich coevolutionary signals and improve PPI identification accuracy. (A) Top: 
Venn diagram showing the intersections of confident PPIs across three databases, including STRING 
physical interactions showing a combined STRING score above 700, BioGRID multi-validated PPIs, 
and UniProt PPIs. The intersection of the three PPI sources was used to randomly select 3,000 
positive controls. 30,000 random protein pairs showing no previous evidence of interaction are used 
as negative controls. Each positive pair is weighted by 0.01 for performance evaluation to reflect a 
signal-to-noise ratio of 1:1000. (B) Strategies to obtain omicMSAs by assembling protein sequences 
from genomic data at NCBI. Boxes show dataset statistics, ovals indicate dataset size (T: terabytes, 
P: petabytes), and purple text describes the data processing procedures. (C) Taxonomic diversity of 
omicMSAs derived from eukaryotic genomic data and eukaryotic protein sequences in UniRef100. 
(D) Distribution of pMSA depth (filtered at 100% identity) for protein pairs in the positive and 
negative control sets. (E to G) Precision-recall curves at a signal-to-noise ratio of 1:1000. The positive 
and negative pairs are ranked reversely by interaction probabilities computed by (E) RF-2t, the DL 
network we used previously to screen yeast PPIs (14), (F) RF2-PPI, and (G) AF2; at each rank, the 

precision and recall are calculated as 
( )

TP wpprecision
TP wp FP

⋅
=

⋅ +
 and 

TPrecall
P

= . TP and FP are 

numbers of positive and negative controls, respectively, above this rank; P is the total number of 
positive controls; wp = 0.01. 
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  Fig. 2. DDIs distilled from AFDB enable a DL network for rapid PPI prediction. (A) Statistics of the 

PPI and DDI training datasets. Close homologs of human protein pairs were excluded to prevent 
potential information leakage, and only confident DDIs, measured by low inter-domain PAE, were 
included. (B) Illustration of our domain segmentation protocol. Top: domains annotated by InterPro; 
left: PAE matrix; middle: inter-residue distance matrix; right: 3D structure. In both matrices, the 
parsed domains are marked by boxes colored the same as in the 3D structure. The two domains in 
yellow shade belong to the DDI training set, while their interaction with the 3rd domain did not pass 
our inter-domain PAE cutoff. (C) Architecture and training routine for RF2-PPI. RF2-PPI contains 12 
Evoformer-like blocks, takes only MSAs as inputs, and is trained using masked token, pairwise 
distance, and pairwise orientation losses. (D) Precision-recall curves for different methods in their 
ability to distinguish true PPIs from false ones at the signal-to-noise ratio of 1:1000. These curves 
were computed as described in Fig. 1. (E) Precision-recall curves for human PPIs with PDB structures 
stratified by interface size, defined as the average number of interface residues (distance to another 
protein < 6 Å) of the two proteins. Interactions were classified as weak (≤10 residues), medium (11–
50 residues), or strong (>50 residues). PPIs in each category are considered as positive controls, 
respectively, and the negatives are the same as in Fig. 1. Precision and recall are calculated as 

( )
TP wpprecision

TP wp FP
⋅

=
⋅ +

 and 
TPrecall
P

= . The weight for positives, wp, is introduced to adjust the 

signal-to-noise ratio to 1:1000; it is calculated by 
1

1000
P wp

N
⋅

= , where N is the size of the negative 

control set, i.e., 30000, and P is the size of a positive control set. (F) Compute time as a function of 
input protein size for different methods. 
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  Fig. 3. Proteome-wide PPI screen pipeline and statistics. (A) PPI screen strategies. Key methods 
are shown in white connectors and the numbers of selected pairs after key steps are shown in 
colored boxes. (B) Precision and recall curves (see supplementary methods M5.6 for details) of our 
de novo pipeline applied to colocalized protein pairs. The grey line indicates the threshold 
(corresponding score labeled by the line) at each stage. The number of pairs selected at each stage 
is shown in the arrow. (C and D) Estimated precision as a function of (C) RF2-PPI and (D) AF2 
interaction probability for protein pairs from different sources. The de novo set includes random 
pairs. (E) A Venn diagram showing the overlap between our predictions and PPIs from other sources. 
(F) The precision of PPIs in other databases. PDB ortholog, with orthologous PDB templates; PDB 
homolog, with homologous PDB templates. (G) Predicted PPIs show a much higher chance to 
participate in the same biological processes (BP) and localize in the same cellular components (CC) 
than human PPIs in most other databases. (H) Fraction of different interface types in predicted and 
experimentally determined PPIs. Domains: >50% interface residues are in domains for both; flexible 
helices: >50% interface residues are in helical inter-domain linkers for at least one; disordered 
regions: >50% interface residues are in inter-domain loops for at least one; transmembrane: >25% 
interface residues belong to TMHs for at least one. (I) Performance of our de novo pipeline for TMPs 
evaluated using positive and negative controls of different types of proteins. (J) Venn diagrams 
showing the numbers and proportions of PTM sites (left), functional sites (including active and 
cofactor/substrate binding sites; middle), and disease-associated SAVs (right) at PPI interfaces 
identified in experimental structures or predicted in this study. 
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Fig. 4. Functional insights revealed by predicted PPIs. (A) A pie chart showing the fraction of 
predicted PPIs with experimental evidence. 3D structure solved: with orthologous PDB template; 
experimentally tested: present in UniProt, STRING (physical), or BioGRID databases, but 3D 
structures not resolved; the remaining unknown PPIs are further partitioned by whether they show 
evidence of genetic interactions, have homologous templates, or both. (B) Functional categories 
(UniProt keywords) enriched (P-value < 0.01) with least known PPIs lacking experimental support 
and structural templates (numbers labeled above the bars). Dots by the labels mark categories 
discussed in the main text. (C and D) PPIs involving GPCRs. (E and F) PPIs related to immunity.  
(G and H) Mitochondrial PPIs. In (C) to (H), yellow spheres indicate interface residues associated 
with disease-causing SAVs; otherwise, red bars connect residues with their most confidently 
predicted inter-protein contacts. 
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Fig. 5. Predicted higher-order oligomeric protein complexes. Each panel contains the 3D structure 
of a complex and a network graph. Nodes in the graph are labeled by gene names and colored the 
same as the corresponding subunits in the 3D structure. Edges in the graph represent PPIs and are 
colored as follows: black, PPIs with experimental structures; blue, confident PPIs from databases; 
red: uncharacterized PPIs or with weak experimental support. Examples of predicted oligomeric 
complexes are shown in (A) to (C). (Examples of predicted additional components of known 
complexes are shown in (D) to (F). (A) The tubulin polyglutamylase complex. An experimental 
structure (PDB: 5jh7) of the catalytic subunit and its substrate (tubulins) is shown as surface 
representation and colored in gray. (B) A complex connecting basal transcription regulation with 
ribosome biosynthesis. (C) A complex related to cilia/flagella biogenesis. (D) Adding LYAR to the 
telomere maintenance complex; an experimental structure of this complex (PDB: 8ouf) is shown as 
surface representation and colored in gray. (E) Adding ARV1 to a GPI anchor biosynthesis complex. 
(F) Adding TMEM138 to the transition zone complex. 
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