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Abstract 

Biomedical research benefits from the rapid growth and diversity of experimentally detected protein–protein interactions (PPIs) by gaining 
important biological insights. Ho w e v er, increasingly dense PPI netw orks can be challenging to interpret and apply. The 2025 update of the 
Integrated Interactions Database (IID) enhances accessibility and utility through se v eral ne w f eatures. W e identify and incorporate network 
str uct ural components from co-purified protein sets, as well as curated and predicted comple x es, enabling users to e xplore netw ork organization 
be y ond binary interactions. Functional, pathw a y, and disease associations of these components can be analyzed, enabling interactions to be 
grouped into higher-order str uct ures with known or provisional biological roles. Users can now filter interactions by five detection types: pairwise, 
co-purification, colocalization, proximity, and other evidence. To extend the value and information of predicted interactions, we include interaction 
interface predictions for 53 647 PPIs, generated using the MEGADOCK docking algorithm, adding molecular detail for str uct ural biology and 
variant impact studies. Finally, we map PPIs to 15 immune cell types and 12 additional normal tissues, offering tissue-specific views of interaction 
netw orks increasingly rele v ant in disease and immunology research. IID 2025 no w includes o v er 1 million e xperimentally detected human 
PPIs, representing an 83% increase from the previous release, alongside expanded non-human networks. The portal remains publicly available 
at https:// ophid.utoronto.ca/ iid . 
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Introduction 

Protein–protein interaction (PPI) networks are foundational
resources in systems biology, offering insights into disease
mechanisms [ 1 ], drug discovery [ 2 ], and the functional rela-
tionships among genes identified in experimental studies [ 3 ].
These networks have been applied to diverse problems us-
ing visualization and computational methods such as random
walks [ 4 ], network flow [ 5 ], and deep learning [ 6 ]. However,
several persistent challenges limit their full potential, inter-
pretability , and utility . 

Two long-term trends in experimentally detected PPI data
complicate network analysis. First, the number of reported hu-
man PPIs has been doubling approximately every 4 years since
2010, now exceeding 1.2 million (Fig. 1 )—far beyond early es-
timates of the human interactome [ 7 ]. Second, a growing pro-
portion of these interactions are derived from methods such
as affinity purification mass spectrometry (AP-MS) [ 8 ], which
identify sets of co-purified proteins rather than direct binary
interactions. These sets are typically converted into pairwise
interactions using spoke models, resulting in networks domi-
nated by indirect associations. 

These trends, combined with other limitations—including
lack of biological context (e.g., tissue or developmental stage)
and absence of detailed binding information—pose signifi-
cant challenges for analysis, visualization, and interpretation.
Networks often contain thousands of interactions per pro-
tein, leading to dense, cluttered graphs that obscure mean-
ingful patterns. Even small subnetworks can be difficult to
interpret, especially when they include a mixture of direct
and indirect interactions. In cases where spoke models domi-
nate, visualizations may reflect experimental biases more than
true biological relationships. These issues also affect network
analysis. The high number of PPIs and prevalence of indi-
rect associations compress network distances between pro-
teins, reducing the discriminative power of path-based anal-
yses. Moreover, algorithms may incorrectly assume that most
edges represent direct binding and produce misleading re-
sults. Lack of biological context further complicates visual-
ization, analysis, and meaningful interpretation. Without in-
formation about tissue, cell type, developmental stage, or dis-
ease context, networks may conflate interactions from distinct
biological settings, reducing interpretability and relevance for
translational research. Finally, the absence of detailed bind- 
ing information—such as interaction interfaces or affinities—
limits the utility of PPI networks for studies focused on dis- 
ease mechanisms or drug discovery, where such data are often 

critical. 
To reduce these limitations, the current update introduces 

several features that enhance the interpretability and ana- 
lytical value of PPI networks. Users can now filter interac- 
tions by type—including pairwise, co-purified sets, proxim- 
ity, and colocalization—allowing selection of data that aligns 
with specific analysis assumptions and improves clarity in vi- 
sualizations. This filter can be combined with others, such 

as evidence thresholds (e.g., interactions supported by mul- 
tiple publications) and biological context (e.g., tissue-specific 
networks). Retrieved networks now include curated and pre- 
dicted complexes, and co-purified protein sets from detection 

methods such as AP-MS. Here, we use the term complexes 
to refer to all three of these protein sets collectively. We an- 
notate complexes with disease, gene ontology, and pathway 
associations, and determine if they are enriched in retrieved 

networks. Their inclusion reduces clutter by grouping related 

nodes and edges while also segmenting networks into func- 
tional units that reflect coordinated biological roles. To im- 
prove contextual relevance, we add annotations for 12 nor- 
mal tissues and 15 immune cell types, enabling more precise 
filtering and interpretation ( Supplementary Table 1 ). Finally,
we provide interaction interface predictions for 53 647 pro- 
tein pairs using the MEGADOCK docking algorithm [ 9 ], of- 
fering molecular detail that supports structural biology ap- 
plications and enhances studies of variant impact and drug 
targeting. 

Materials and methods 

PPI sources 

Experimentally detected PPIs were obtained primarily from 

seven databases: BioGRID [ 10 ] 4.4.244, DIP [ 11 ], HPRD [ 12 ] 
Release 9, InnateDB [ 13 ] version 5.4, IntAct [ 14 ] release 250,
MatrixDB [ 15 ] version 4.0, and MINT [ 16 ]. All databases 
were downloaded on 16 April 2025. Predicted PPIs were ob- 
tained from five studies, as previously described [ 17 ]. Ortholo- 
gous PPIs were generated by mapping experimentally detected 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1259#supplementary-data
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Figure 1. Cumulative number of experimentally detected human PPIs from 1970 to 2025. 
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PIs in each of the 18 IID species to orthologous protein pairs
n the other 17 species. Mapping was done using 1:1 orthologs
ownloaded from Ensembl [ 18 ] release 114. 

apping between gene and protein IDs 

appings between various gene and protein IDs were based
n UniProt [ 19 ] release 05 February 2025. For a more com-
lete set of mappings between Ensembl and UniProt IDs, map-
ings from Ensembl [ 18 ] release 114 were also used. 

nnotation of PPIs with normal tissues and 

mmune cell types 

ene expression in 12 normal human tissues was ob-
ained from the following GEO datasets: GSE3678 [ 20 ],
SE4183 [ 21 ], GSE8607 [ 22 ], GSE8671 [ 23 ], GSE9576 [ 24 ],
SE11783 [ 25 ], GSE14905 [ 26 ], GSE24152 [ 27 ], GSE53757

 28 ], GSE63678 [ 29 ], GSE65144 [ 30 ], and GSE166388 [ 31 ].
 PPI was annotated with a tissue if both encoding genes were
xpressed in that tissue, defined as having MAS5-normalized
xpression values above 200, following the criteria used by
ossi et al. [ 32 ]. 
Gene expression in 15 immune cell types was obtained from

he DICE [Database of Immune Cell Expression, Expression
uantitative trait loci (eQTLs) and Epigenomics] project [ 33 ,
4 ] build 23 February 2022. A PPI was annotated with a cell
ype if both encoding genes had a median transcripts per mil-
ion (TPM) value greater than 1 in that cell type. 

nnotation of PPIs with detection types 

PIs were classified into five experimental detection types:
airwise, co-purified set, co-localization, proximity, and other.
nteractions were annotated as pairwise if only two pro-
eins were reported in the detection, though such interactions
ere not necessarily direct. PPIs were labeled as part of a

o-purified set when more than two proteins were detected
nd the interaction type in the source database was neither
o-localization nor proximity. Co-localization and proximity
nnotations were assigned based on interaction type labels
rovided by the source database. Interactions that did not
eet criteria for any of the four categories were classified as

ther .  
Molecular docking 

Computational modeling of interacting protein pairs was
carried out using molecular docking techniques. Three-
dimensional structures of human proteins were sourced from
the AlphaFold Protein Structure Database version 2 ( https:
//alphafold.ebi.ac.uk ) [ 35 , 36 ]. Interaction modeling was per-
formed with MEGADOCK version 4.1.1 docking software
( https:// www.bi.cs.titech.ac.jp/ megadock/ ppi.html ) [ 9 ]. Visu-
alization and interpretation of the docking results were con-
ducted using ChimeraX version 1.10.1 (24 July 2025) visual-
ization software ( https:// www.rbvi.ucsf.edu/ chimerax ) [ 37 ]. 

MEGADOCK employs a rigid-docking methodology along
with a scoring function that relies on shape complementarity,
electrostatics, and desolvation free energy. The computational
algorithms are tasked with identifying the optimal docking
pose by examining 10 800 potential orientations and posi-
tions between the two proteins. An example of such analysis
is provided in [ 38 ]. 

Protein complexes 

Data sources. Curated complexes were downloaded from
Complex Portal [ 39 ] release 248, Corum [ 40 ] release 5.1, and
Reactome [ 41 ] release 92. Predicted complexes were obtained
from hu.MAP3.0 [ 42 ]. Co-purified sets were generated from
PPIs comprising spoke models in BioGRID [ 10 ], DIP [ 11 ], In-
nateDB [ 13 ], MINT [ 16 ], and IntAct [ 14 ]. A co-purified set
was the union of proteins in a spoke model. 

Filtering complexes. To simplify and characterize PPI net-
works, complexes were selected based on size and redundancy
criteria. Curated complexes were required to contain at least
five proteins to exclude very small groups that contribute little
to network simplification while retaining the majority of cu-
rated complexes, which are valuable for network characteri-
zation due to their well-established biological roles. Predicted
complexes and co-purified protein sets were filtered to include
those with 50–350 proteins. The higher minimum threshold
reflects their typically larger size and the need for reliable en-
richment analysis, which is more effective for larger groups.
The maximum size of 350 was chosen to align with the largest
curated complexes (e.g., https:// reactome.org/ content/ detail/
R- HSA- 975037 ) and to exclude overly broad groupings that
may lack specificity. 

To reduce redundancy, complexes were filtered in two steps.
First, complexes were prioritized largest-to-smallest in the fol-

https://alphafold.ebi.ac.uk
https://www.bi.cs.titech.ac.jp/megadock/ppi.html
https://www.rbvi.ucsf.edu/chimerax
https://reactome.org/content/detail/R-HSA-975037
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lowing order: curated complexes, predicted complexes, and
co-purified sets. Second, any complex with > 75% similarity to
a higher-priority complex—measured as the ratio of intersec-
tion to union—was removed. This approach ensures a diverse,
non-overlapping set of complexes that can effectively simplify
network structure and enhance biological interpretability. 

Annotating complexes. Complexes and co-purified protein
sets were annotated with disease, function, and pathway in-
formation to support biological interpretation. Disease an-
notations were sourced from the Diseases 2.0 database [ 43 ],
while Gene Ontology annotations (GOSlim categories for Bi-
ological Process, Cellular Component, and Molecular Func-
tion) were obtained from the Gene Ontology Consortium [ 44 ]
and pathway annotations from the PathDIP database [ 45 ]
version 5. Disease associations were based on experimental
and knowledge-channel data in Diseases 2.0 database [ 43 ].
A complex was annotated with a disease if at least 10% of
its proteins—and a minimum of five—were associated with
that disease, and the association was statistically significant
( P < .05) based on a hypergeometric test. Gene Ontology and
pathway annotations followed even stricter criteria: at least
33% of proteins—and a minimum of five—had to be anno-
tated with the category, and the enrichment had to be sig-
nificant ( P < .05). These thresholds were chosen to balance
sensitivity with confidence, ensuring that annotations reflect
meaningful biological associations. 

Associating Complexes with PPI Networks. Complexes
were associated with PPI networks using two criteria: (a) en-
suring reliable association of each complex with the network
and (b) limiting redundancy among selected complexes. To es-
tablish reliable association, a complex was required to have
at least 50% of its proteins present in the network, and the
network had to show significant enrichment for the complex
members ( P < .05, hypergeometric test). To reduce overlap
among selected complexes, a two-step filtering process was
applied. First, complexes were prioritized largest-to-smallest
as follows: curated complexes, predicted complexes, and co-
purified sets. Second, each complex was evaluated against the
current network; if it met the association criteria, its proteins
were removed from the network before evaluating the next
complex. This iterative approach ensured that selected com-
plexes were distinct and not repeatedly associated with the
same subset of network proteins. 

Network visualization 

To enable real-time visualization of large PPI networks, we im-
plemented a filtering strategy that displays a central subgraph
comprising up to 50 nodes. Nodes are prioritized based on the
following criteria: 

1. Number of neighbors that are query nodes. 
2. Preference for displaying query nodes over partner

nodes. 
3. Total number of neighbors per node. 

This approach ensures that the most relevant and densely
connected nodes are visualized while maintaining perfor-
mance and readability. The subgraph is rendered using the
vis.js JavaScript library (version 4.21; https://visjs.org ). 

Results 

IID 2025 includes over 1 million experimentally detected hu-
man PPIs, representing an 83% increase from the previous
release, alongside expanded non-human networks. This dra- 
matic growth underscores the need for extended annotations 
and improved tools to interpret and apply increasingly com- 
plex interaction networks. To address this, the current update 
introduces four major new features designed to enhance the 
interpretability and utility of PPI networks: (i) integration of 
curated complexes, predicted complexes, and co-purified pro- 
tein sets into retrieved networks; (ii) filtering of PPIs by de- 
tection type; (iii) annotation of PPIs with tissues and immune 
cell types; and (iv) provision of detailed binding interface pre- 
dictions. These enhancements reduce challenges posed by the 
rapid expansion of PPI data and the growing prevalence of 
indirect interactions—particularly those derived from spoke 
models applied to co-purified protein sets from methods such 

as AP-MS. While these trends produce networks with much 

greater information content, they make network interpreta- 
tion and downstream analysis more complex and challenging.

Complexes in Retrieved Networks. The central new fea- 
ture is the identification and analysis of complexes within 

retrieved human networks. Identified complexes include cu- 
rated complexes [ 39 −41 ] ranging from 5 to 315 proteins,
predicted complexes [ 42 ], and co-purified sets ranging from 

50 to 335 proteins. Complex-related results are presented in 

three sections: a top panel that visualizes complexes within 

the network, a table displaying complex properties, and an 

analysis panel below the table offering summary tools. The ta- 
ble includes key attributes such as source database, complex 

type (curated, predicted, co-purified), enrichment annotations 
(disease, Gene Ontology GOSlim categories, and pathways),
size, fraction present in the network, and enrichment P-value.
Users can sort the table by any column and access detailed 

information about a complex by clicking on its name or ID.
The analysis panel enables summarization of annotation fre- 
quencies across complexes, such as the prevalence of disease 
associations. 

To illustrate the utility of complex-level information, we ex- 
amined PALB2 and IQGAP1 (Q86YC2, P46940)—two pro- 
teins recently shown to colocalize in breast cancer, both when 

PALB2 is wild type and (even more) when it is mutated [ 46 ].
As part of the follow-up questions to this discovery, it would 

be important to know which functions the two proteins exert 
together. Querying IID for the two proteins returns 1145 in- 
teractions. This is a large number and it might be challenging 
to interpret the functions related to each interaction. Looking 
at the complexes, though, we can see that the interactions are 
grouped in 14 complexes, leaving out only 23 proteins. Ten of 
the proteins and eight of the complexes interact with both pro- 
teins, making it easier to focus on specific groups and identify 
closely related known or novel functions. For example, one 
of the shared complexes, R-HSA-5683737 ( https://reactome. 
org/ content/ detail/ R- HSA- 5683737 ), is present when a DNA 

double-strand break occurs and needs to be repaired. This is 
expected, as PALB2 is a known player in the homologous re- 
combination pathway [ 46 ], and IQGAP1 is a known regulator 
of BRCA1 localization [ 47 ]. 

Filtering of PPIs by detection type. PPIs can be filtered by 
five detection types: pairwise, co-purified set, colocalization,
proximity, and other. These options are available in the Search 

Options page under ‘Filter interactions by evidence,’ along- 
side filters for interaction type and evidence quantity. When 

multiple detection types are selected, users can choose be- 
tween two filtering modes: the default mode retrieves PPIs 
that match any of the selected types (e.g., selecting ‘colocal- 
ization’ and ‘proximity’ will return interactions detected by 

https://visjs.org
https://reactome.org/content/detail/R-HSA-5683737
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ither method), while the strict mode retrieves only PPIs that
atch all selected types (e.g., selecting both ‘colocalization’

nd ‘proximity’ will return only interactions supported by
oth detection methods). This flexible filtering system enables
sers to tailor network retrieval to match specific analytical
ssumptions or visualization goals. 

Annotation of PPIs with tissue and immune cell con-
ext. PPIs are annotated with additional expression data
rom 12 normal human tissues and 15 immune cell types
 Supplementary Table 1 ). These annotations are available as
ltering options in the Search Options page under ‘Filter in-
eractions by context and other properties’ → ‘Tissues & cell
ypes.’ As with other filters, multiple selected tissues or cell
ypes can be applied in two modes: the default mode retrieves
PIs expressed in any of the selected contexts, while the strict
ode retrieves only PPIs expressed in all selected contexts.
lternatively, tissues and cell types can be specified as anno-

ation criteria—rather than filters—using the ‘Specify PPI an-
otations to retrieve’ section of the Search Options page. 
Tissue-specific analyses can help identify mechanisms

inked to only one or multiple cell types. In IID 2025 we in-
lude detailed immune cell annotations together with the pre-
ious detailed brain and joint information. Considering the
mmune cell-specific Protein Atlas ( https://www.proteinatlas.
rg/ humanproteome/ single+cell/ immune+cell ), several sets of
roteins are specifically expressed in only one type of immune
ell. For our example, we selected genes specific for NK cells
 n = 65) and queried them in IID, retrieving immune cells-
pecific annotations. Of the 9051 retrieved PPIs, 10 are spe-
ific for NK cells with the two proteins annotated with NK
ells, while 417 are NK specific with only one protein anno-
ated with NK cells. In contrast, 881 interactions were present
nd had both proteins of the interaction annotated with all
he immune cells available in IID. Thus, IID annotation can
rovide useful insights into the mechanisms affecting the be-
avior of immune cells, as well as their specific processes. To
urther interpret the 10 PPIs specific for NK cells, we note that
our were self-interactions and three of the remaining involved
CAM1, also known as CD56, a key marker of NK cells [ 48 ,
9 ]. All three such interactions are predicted, leading to newer
ossible molecular mechanisms to explore. For example, one
f the interactors is ITGAD, also known as CD11d, a β2 in-
egrin implicated in leukocyte migration [ 50 ] and, more re-
ently, shown to affect the migration of NK cells [ 51 ]. This
pens the possibility of exploring mechanisms underlying the
odulation of NCAM1-mediated NK cell activation [ 52 ] and
D11d-driven migration and adhesion to better understand,

or example, tissue-specific inflammation. 
Binding interfaces. We performed molecular docking and

omputational modeling to enhance understanding of inter-
ctions involving proteins with few experimentally detected
artners. Availability of docking data can be selected as a fil-
ering option in the Search Options page under ‘Filter by in-
eraction context, properties, and docking data’ → ‘Docking.’
f selected, the table of retrieved PPIs includes a column of
inks to docking results. The top-ranking model is illustrated
n the results webpage, with gold color denoting the recep-
or and the green color signifying the ligand, which is avail-
ble for download in PDB format. Molecular docking analysis
ncovers the interacting residues and atomic contact points.
etailed residue and atom-level contact information can be

ccessed on a linked web page, identifying the amino acids
hat are likely to play a role in the interface pertinent to the
xploration of complex biological phenomena at a molecular
scale, thereby pinpointing potential targets for drug develop-
ment and the design of PPI inhibitors. 

Utilizing AlphaFold predicted structures as the foundation
for docking and ensuring an acceptable level of accuracy with
the MEGADOCK scoring function enhances the reliability of
the modeling. However, the continued use of a rigid-body ap-
proach, constrained by current computational abilities, which
does not consider the conformational changes that may occur
during protein binding, presents a limitation of the method,
and its reliability is contingent upon the specific proteins un-
der investigation. Further modeling with molecular dynamics
software can help resolve protein flexibility by simulating how
the protein moves, while experimental data showing multiple
‘secondary’ docking poses can suggest that the scoring func-
tion has local energy minima. 

Examples of advanced search queries. It is possible to com-
bine all the annotations and the filters to perform simpler or
more complex queries. For example, a researcher could query
two proteins with immune-related functions (i.e., ICAM1 and
DEFA4) and search for all the interactors of such proteins
that: (i) are only predicted (to identify novel interactions); (ii)
involve at least one protein present in the plasma membrane
(to work on signaling mechanisms); (iii) have docking results
available (to prioritize further experimental validations); and
finally (iv) provide immune cell annotations. This would lead
to 52 PPIs that the researcher could use for their investiga-
tions. Similarly, a user can query IID for PPIs of TP53 that:
(i) have been detected with pairwise experiments (to focus
on direct interactions); (ii) are present both in normal lung
and lung cancer (to focus on lung-related mechanisms); (iii)
are targeted by drugs (to prioritize interactions that could
lead to possible treatment); and (iv) have mutations described
to decrease or disrupt the interactions (to identify disrupted
mechanisms). This would lead to eight interactions that a re-
searcher could prioritize for the follow-up in vitro and in vivo 

experiments . 

Discussion 

Comparison with other PPI resources 

The features introduced in this update to IID are largely absent
or only partially implemented in other publicly available PPI
databases (Table 1 ). Notably, the integration of protein com-
plexes and predicted interaction interfaces into retrieved PPI
results is unique to IID. While filtering by immune cell types
is supported in InnateDB [ 13 ], the specific cell types avail-
able are not listed. Tissue-based filtering is offered by HIPPIE
[ 53 ], InnateDB [ 13 ], MyProteinNet [ 54 ], and TissueNet [ 55 ],
though IID provides more extensive options. Filtering by de-
tection method or interaction type is available in HINT [ 56 ],
HIPPIE [ 53 ], InnateDB [ 13 ], and IntAct [ 14 ]. 

Another key differentiating feature of IID is its inclu-
sion of high-confidence computationally predicted PPIs. Al-
though the majority of human PPIs in IID are experimen-
tally detected, the option to incorporate predicted interac-
tions enables users to identify potentially missing links—false
negatives—particularly for proteins with few known partners.
The sustained rapid growth in experimentally detected PPIs
suggests that a substantial fraction of interactions remains
undiscovered. Predicted interactions in IID have demonstrated
utility in bridging this gap (Fig. 2 ). Derived from computa-
tional studies published between 2005 and 2015, these pre-
dictions have been consistently validated by subsequent ex-
perimental findings over the past decade. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1259#supplementary-data
https://www.proteinatlas.org/humanproteome/single+cell/immune+cell
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Table 1. Availability of newly introduced IID features across PPI databases 

Database 
Last 
update 

Integrated complex 
information 

Filtering by 
detection types 

Filtering by 
tissues 

Filtering by immune 
cell types 

Predicted interaction 
interfaces 

APID [ 57 ] 2021 no no no no no 
BioGRID [ 10 ] 2025 no no no no no 
HINT [ 56 ] 2024 no yes no no no 
HIPPIE [ 53 ] 2022 no yes yes no no 
InnateDB [ 13 ] 2019 no yes yes yes no 
IntAct [ 14 ] 2025 no yes no no no 
MyProteinNet [ 54 ] 2015 no no yes no no 
STRING [ 58 ] 2025 no no no no no 
TissueNet [ 55 ] 2022 no no yes no no 

Figure 2. Validation of predicted PPIs o v er time: percentage of interactions from four prediction studies (2005–2015) confirmed by experimental 
detection between 2016 and 2025. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Additional distinguishing features of IID include its exten-
sive PPI annotations and support for large-scale, multi-gene
queries. Annotations span a wide range of biological contexts,
including 158 tissues and cell types, six developmental stages,
and 60 disease states. IID also provides information on in-
teraction properties such as evolutionary conservation, mu-
tation impact, and druggability. The web portal is optimized
for batch queries, allowing users to input hundreds of gene
or protein identifiers, retrieve richly annotated datasets, and
apply integrated analysis tools, or download the annotated
interactions for additional analysis. 

Addressing dataset biases and inconsistencies 

PPI datasets are subject to multiple sources of bias and incon-
sistency, including differences in detected relationship types
(e.g., direct interaction, colocalization), false positive and false
negative rates, bioassay-specific limitations, and research fo-
cus biases. As IID integrates data from multiple sources,
retrieved interactions inevitably reflect these differences—
raising important questions about reliability, biological rele-
vance, and appropriate use. 

To address these challenges, IID emphasizes transparency
and user control. Rather than assigning quality scores to
datasets or interactions—which can be misinterpreted due
to trade-offs between false positives and false negatives—
IID presents detailed evidence summaries for each interac-
tion. These include detection type, supporting studies and
bioassays, and additional support from computational pre-
diction and orthology. Users can filter interactions based on
the number of supporting studies or bioassays, evidence or
detection type, and biological context, enabling tailored net- 
work construction aligned with specific analytical goals. How- 
ever, as these filters change the type and number of interac- 
tions, users need to explicitly describe the choices to ensure 
reproducibility. 

To help reduce false negatives, IID includes high-confidence 
predicted interactions. These are particularly valuable for pro- 
teins with few detected partners—such as the 301 human pro- 
teins in IID that currently have only predicted interactions. 

Future directions 

Future development of IID will focus on expanding biological 
context and structural insight to further enhance network in- 
terpretability. We plan to integrate pathway-level information 

to clarify the functional organization of interaction networks.
Contextual annotation will be significantly broadened using 
bulk and single-cell RNA sequencing datasets, enabling more 
precise mapping of interactions across diverse tissues and cell 
types. Additionally, we aim to increase the coverage of pre- 
dicted binding interfaces through large-scale molecular dock- 
ing, providing deeper insight into interaction mechanisms and 

potential therapeutic targets. 

Conclusions 

The latest update to IID enhances the interpretability and util- 
ity of PPI data by introducing complex-level organization,
filtering by detection type, expanded context, and predicted 

interaction interfaces. These features facilitate functional ex- 
ploration of large interaction networks and enable more tar- 
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eted biological insights, as demonstrated through real-world
se cases. By combining experimental data with context an-
otations and computational predictions, IID supports both
iscovery-driven research and translational applications in
ystems biology. 
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