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Abstract

Pathway Data Integration Portal (PathDIP) is an integrated pathway database that was developed to increase functional gene annotation cover-
age and reduce bias in pathway enrichment analysis. PathDIP 5 provides multiple improvements to enable more interpretable analysis: users
can perform enrichment analysis using all sources, separate sources or by combining specific pathway subsets; they can select the types of
sources to use or the types of pathways for the analysis, reducing the number of resulting generic pathways or pathways not related to users’
research question; users can use API. All pathways have been mapped to seven representative types. The results of pathway enrichment can
be summarized through knowledge-based pathway consolidation. All curated pathways were mapped to 53 pathway ontology-based categories.
In addition to genes, pathDIP 5 now includes metabolites. We updated existing databases, included two new sources, PathBank and Metabol-
icAtlas, and removed outdated databases. We enable users to analyse their results using Drugst.One, where a drug-gene network is created
using only the user's genes in a specific pathway. Interpreting the results of any analysis is now improved by multiple charts on all the results
pages. PathDIP 5 is freely available at https://ophid.utoronto.ca/pathDIP.
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Introduction poor overlap among databases (1), and the rationale behind

Pathway enrichment analysis is a powerful method to help
interpret the collaborative role and molecular functions per-
formed by a set of genes, proteins or non-coding RNAs. In-
creasingly, multi-omics and single-cell analyses are further en-
larging the number and size of lists of genes or proteins of
interest that require interpretation and characterization of the
tasks performed in a cell. Because pathways are entities cre-
ated by researchers to describe a phenomenon, there is large
variability in the representation of each entity. This leads to

the creation of Pathway Data Integration Portal (PathDIP)
(2). Since its first release, we have increased the number of
databases included and extended the gene coverage across or-
ganisms, to try to depict the most complete picture available
for each pathway in multiple species. One side effect of this ap-
proach has always been the large number of human-curated
pathways, which creates a challenge with multiple-testing cor-
rection, and sometimes results in lists of pathways that are too
long and challenging to summarize and interpret.
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Pathway consolidation, the process of unifying pathways
from multiple databases, is a powerful method aimed to help
reduce the number of pathways while increasing the com-
pleteness of pathway coverage and characterization. While the
goal is clear, its implementation is non-trivial in an automated
fashion, assuring consistency, and with an aim of biological
relevance. Pathway databases create some challenges in the
integration of similar pathways, as discussed in (3). We ad-
dress this challenge in PathDIP 5 by providing more specific
pathway enrichment filters and annotations, and knowledge-
based pathway consolidation. We created an integrated ontol-
ogy using KEGG and Reactome and mapped all 6535 human-
curated pathways to 53 representative categories, aiming to
reduce and prioritise lists of pathways and make it easier for
researchers to perform function-specific validation iz vitro or
in vivo, creating a valuable feedback loop between experimen-
tal laboratory and computational analyses.

Materials and methods

Data collection, processing and membership
prediction

Core pathways

We removed 10 source databases from pathDIP as they have
not been updated in the past 10 years. Moreover, SMPDB
is now part of PathBank, and NetPath is now included in
WikiPathways; for this reason, the original SMPDB and Net-
Path were removed. We added PathBank and MetabolicAtlas
as new sources and collected updated versions of the remain-
ing 10 databases (May 2023). We excluded from the collected
data all the pathways that included only one gene (n = 2776).
Table 1 lists the details for each database, including the non-
human organisms we curated from them and whether they
included metabolite species.

Protein IDs, orthologs and interactions

Mappings between UniProt IDs, NCBI Gene IDs, gene sym-
bols and protein names were obtained from HGNC (16)
(2023-08-30) and genekitr (17) version 1.2.2. We have
switched Primary IDs from NCBI Gene to UniProt, as in Re-
actome and IID (18). One-to-one orthologs were downloaded
from Ensembl (19) release 103. Physical protein—protein in-
teractions (PPIs) were downloaded from IID (18) version
2021-05.

Predictions based on orthology

For each non-human organism, we replaced members of core
human pathways with their orthologs and kept only pathways
with at least three ortholog members (i.e. we did not con-
sider a single protein or a single interaction (two proteins) as a
pathway).

Predictions based on physical network connectivity

As in the previous versions, we predicted statistically signifi-
cant protein-pathway associations for each species in pathDIP
5, using species-specific PPIs from IID. Supplementary Table 1
shows the databases integrated in IID and used for the pre-
diction. Due to the continuously increasing size and density
of the interactome and the number of curated pathways, we
modified the method used since version 1 to increase reliabil-
ity. We predicted an association between a protein, prot;, and
a pathway, pathj, if prot; had a significant number of interac-
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tion partners that were members of path;, according to core
pathway data. Significance was calculated in two steps. First,
the probability of protein, prot;, having at least k interaction
partners from pathway, path;, was calculated using a hyperge-
ometric distribution as follows:

‘ M\ (N-M
min (7,M) m n—m
Pr(X > k) = AT

=0

where N = number of proteins in the PPI network, M = num-
ber of proteins in the PPI network that are core path; mem-
bers, 7 = total number of prot; interaction partners, 7 = num-
ber of prot; interaction partners that are core path; members.
Such probabilities were calculated for all core pathways in-
volving prot; interaction partners. Second, these probabili-
ties were adjusted for multiple testing using the Benjamini-
Hochberg method (20). Pathways with adjusted probabili-
ties <0.01 were kept as predicted pathways associations of
prot;. This prediction method differs from previous pathDIP
versions, where N was the number of network proteins with
pathway annotations and 7 was the number of interaction
partners with pathway annotations. The new method pro-
vided pathway annotations for 355 proteins that previously
had no curated or predicted pathway annotations.

For human, we provide predicted protein-pathway associa-
tions using core pathways and two sets of PPIs: (i) experimen-
tally detected PPIs and (ii) the full set of human PPIs avail-
able in IID (i.e. the combination of experimentally detected
and computationally predicted physical protein interactions).
For non-human species, we used only one set of PPIs, i.e. the
full set of species-specific PPIs, to predict strong physical as-
sociations between each protein and each pathway in core (if
available) or ortholog pathway sets.

Pathway types and categories

Each pathway in PathDIP 5§ was mapped to one of seven path-
way types and one of fifty-three pathway categories (Sup-
plementary Table 2). Pathway types are broad topics (e.g.
metabolism, disease) that can be selected prior to running en-
richment analysis, to increase the relevance and statistical sig-
nificance of enrichment results. Pathway categories are smaller
groups of pathways sharing a similar function (e.g. carbo-
hydrate metabolism), disease type (e.g. immune diseases), or
other properties. PathDIP 5 uses categories to provide a con-
solidated view of enrichment results: while full enrichment re-
sults may include several thousand pathways, a consolidated
view displays up to 53 pathways, each one being the most en-
riched pathway in its category.

Pathway types and categories are largely based on the on-
tology of the KEGG pathway database (21). Several new cat-
egories were added (e.g. Cellular response to stimuli, Muscu-
lar and bone system) to accommodate certain pathways not
present in KEGG.

Pathways were mapped to types and categories using path-
way ontologies, regular expression rules, and manual cura-
tion. Pathways from Reactome (22) and WikiPathways (23)
were mapped using Reactome ontology and Pathway Ontol-
ogy (24), respectively. In this approach, high-level terms in
an ontology were manually assigned to categories (e.g. Reac-
tome term ‘Metabolism of carbohydrates’ was assigned to cat-
egory ‘Carbohydrate metabolism’) and then a term’s descen-
dent pathways were mapped to the term’s category. Pathways
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Table 1. List of databases included in pathDIP 5
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Source Downloaded from Citation Organisms” Metabolites
ACSN2 Source website (4) Hs No
BioCarta MSigDB (5) Hs No
HumanCyc PathwayCommons (6) Hs No
KEGG CPDB (7) Hs, Mm, Sc Yes
MetabolicAtlas Source website (8) Hs, Ce, Dm, Mm, Rn, Sc Yes
Panther Source website (9) Hs, Bt, Ce, Cf, Dm, Ec, Gg, Mm, Rn, Sc, Ss No
PathBank Source website (10) Hs, Bt, Ce, Dm, Mm, Rn, Sc Yes
PharmGKB Source website (11) Hs Yes
Reactome Source website (12) Hs, Bt, Ce, Cf, Dm, Gg, Mm, Rn, Sc, Ss Yes
SIGNOR3.0 Source website (13) Hs Yes
UniProt.Pathways Source website (14) Hs, Bt, Ce, Cf, Cp, Dm, Ec, Gg, Mm, Oa, Oc, No
Rn, Sc, Ss
WikiPathways Source website (15) Hs, Bt, Ce, Cf, Dm, Ec, Gg, Mm, Rn, Sc, Ss No

"Hs = Homo sapiens, Bt = Bos taurus, Ce = Caenorhabditis elegans, Cf = Canis lupus familiaris, Cp = Cavia porcellus, Dm = Drosophila melanogaster,
Ec = Equus caballus, Gg = Gallus gallus, Mm = Mus musculus, Oa = Ouis aries, Oc = Oryctolagus cuniculus, Rn = Rattus Norvegicus, Sc = Saccharomyces

cerevisiae, Ss = Sus scrofa

from sources without ontologies were mapped either with reg-
ular expressions, if pathway names from the same category
shared common patterns, or through manual curation.

Pathway enrichment analysis

Pathway enrichment p-values are calculated as in (13), using
Fisher’s Exact test. Multiple testing correction g-values are cal-
culated by two methods: Bonferroni and False Discovery Rate
(Benjamini—-Hochberg) (8). Enrichment of a user-defined pro-
tein (gene) list, U-list, for a given pathway, Pw, is calculated

as follows:
pr NS - NPw
min (Ny,Npy,) ny NU —ny
) Ne
Ny

where N; = number of proteins in user-selected pathway
databases and pathway types (background), Ny = number of
proteins in U-list that are also in the background, Np,, = num-
ber of proteins in pathway Pw, N, = number of proteins in
U-list that are also in Pw.

p-value (U-list, Pw) =

n,=N,

Portal description

Enrichment analysis improvement

Historically, pathDIP provided pathway enrichment analysis
using all available (or selected) sources combined. While this
provided strong results with largely adjusted P-values, it could
also provide vast lists of pathways or be too stringent and pro-
vide no results at all. To address both challenges, a researcher
can now perform the search by source across all databases,
where results are calculated and presented by the individual
database source. This enables researchers to familiarise them-
selves with different types of pathways provided by specific
sources, their relevance to the question at hand, their possible
biases, and to obtain smaller adjusted P-values for enriched
pathways. Moreover, a user can choose to obtain only results
with adjusted P-values lower than 0.01, 0.05 or 0.1. For ex-
plorative purposes, they can also choose not to filter by ad-
justed P-value and retrieve all the available results.

We also consolidated pathways inside and across databases,
providing mapping for each pathway to a type and a category.
This important feature can be used either before searching or
after retrieving the results. For example, pathway databases

like KEGG and WikiPathways include multiple disease path-
ways that may not be of interest to a researcher, who would
previously had to either exclude such sources or retrieve a list
of pathways with pathways not of interest. In this example,
the researcher can now select the types of pathways for the
analysis, reducing the number of resulting generic pathways
or pathways not related to the research question at hand.
Finally, pathway enrichment analysis in the microRNA
page can now be performed on genes targeted by all query mi-
croRNAs, and not only on all the targets of each microRNA.

New features

We substantially modified pathDIP to improve its integra-
tion into complex bioinformatics workflows. As mentioned in
methods, in addition to genes, pathDIP 5 also covers metabo-
lites from each source database, and we developed a dedicated
metabolic pathway enrichment analysis page.

Users can integrate pathDIP with their workflow using the
API, as before, and can query microRNAs directly without go-
ing through mirDIP, as in version 4; now they can also anal-
yse their results using Drugst.One (235), a tool that integrates
proteins with their interactome and annotates them with in-
formation like targeting drugs or known disease associations.
For Drugst.One, the network is created per enriched pathway
using only the user’s genes in that pathway.

Multiple charts have been included on all the results pages.
We now provide bar charts to show the g-value for the top
seven pathways in each source (if available). We also provide
the ratio of annotated query proteins over the pathway size.
We provide lists and pie charts of identified query genes per
source and per set (i.e. literature curated or predicted) so that
researchers can investigate if their query genes are more well-
known and annotated across databases or if they tend to be
less studied or even pathway orphans.

The Gene/Pathway matrix now is available as a heatmap
style chart as well, colour-coded by source.

Results

PathDIP content

PathDIP 5 now includes protein and metabolite members of
6535 human-curated pathways from 12 pathway databases.
From version 1, pathDIP had significantly broader genome
coverage with pathway annotation compared to any other
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Figure 1. Genes and pathways distribution across pathDIP database versions. Panel A shows the number of genes annotated with any pathway in each
version of pathDIP and for each set (curated, extended using only experimental, and extended using experimental and predicted PPIs). Panel B shows
the distribution of the number of pathways per gene across versions and sets. For panel B, only genes present in at least two versions were considered.
Panel C shows the number of genes present in each pathway type, for every set. Panels D and E show for each degree interval, with the degree being
the number of protein interactions as identified using 11D, the number of pathways the proteins are annotated with, for each set. In Panel D, protein
degree was calculated using only experimental PPIs, while in Panel E it was calculated using experimental and predicted PPls. Panel F shows the
number of genes annotated with a certain number of pathways in each set, separated by pathway type.
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Figure 2. Number of genes (A) and pathways (B) present in each species (excluded human) in pathDIP 5 compared to the numbers in pathDIP 4.

Numbers are shown per each set (i.e. curated or predicted).

database. Figure 1A shows how not only updated pathway
curation and database integration improved the number of
human-annotated proteins with consecutive versions, but also
the scale of the extension of pathway orphans’ annotation. At
present, 14046 human genes are annotated with curated path-
ways, while extended pathways provide annotation for 3236
additional genes. Moreover, as visible in Figure 1B, the num-
ber of pathways per human gene reached a plateau around
version 3, while the same number has been increasing steadily
across versions for predicted pathway associations. The cur-
rent version also includes 5783 metabolites across species.
Interestingly, while the number of genes present in each
type of pathway varies in the literature-curated sets, with
the metabolic and drug-related pathways including the low-
est number of genes (as expected), our predicted annotations
are homogeneously and proportionally distributed for genes
across categories (see Figure 1C). Figures 1D and E show that
we can predict a larger number of pathways for proteins that
have a higher number of protein interactions, as expected, but
also that proteins with a larger number of interactions have a
larger number of pathway annotations. This is very likely due
to the well-known study bias, where ‘famous’ proteins (such
as TP53) are studied in depth and are annotated with multiple
functions, while less-known proteins lack interactions, anno-
tations or both. Using predicted protein interactions provides

a way to obtain protein interactions for less-known proteins,

and to predict their pathway annotations, giving a researcher
studying protein and pathway orphans the same ability to
identify relevant molecular functions as a researcher study-
ing more famous proteins. Thus, reducing bias. When con-
sidering the number of pathways per gene, we can see that
most genes are annotated with a large number of pathways
and that our predictions add a large number of pathways per
gene only in the metabolic and drug-related pathway types
(Figure 1F).

The number of organisms other than human for which cu-
rated pathways are available is now 13, from 7 in the previous
version. For the 7 in common, the number of curated path-
ways is larger in pathDIP 5: it varies by organism, but it goes
from doubling the number (in yeast) to 20 times more path-
ways (in cow). Moreover, the number of pathways curated or
predicted per organism increased as well (30% median across
organisms), as shown in Figure 2.

Example applications

Value of pathway consolidation

In a previous study (26) pathDIP 3 was used to perform path-
way enrichment analysis in eight sets of comparisons (up- and
down-regulated in glomeruli and in tubulointerstitial kidney
tissues, comparing samples with antibody-mediated rejection
to ones with acute tubular necrosis or acute cellular rejection),
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Figure 3. Pathway consolidation of eight sets of pathway enrichment. AMR = antibody-mediated rejection, ATN = acute tubular necrosis, ACR = acute

cellular rejection.

and at the time manual pathway consolidation was performed
on the 1685 pathways to group them into 8 meaningful cat-
egories. We re-analysed the same genes using pathDIP 5, and
we obtained 907 pathways, still a large number to get insight
from. We used the default consolidation available now on the
portal to recreate Figure 4A from the paper (26). In our cat-
egories, apoptosis and cell cycle are grouped in ‘Cell growth
and death’; which we renamed ‘Cell cycle’ for this compari-
son. We also renamed our category ‘Cell motility’ to ‘ECM
and cell communication’ for the same reason. As visible in
Figure 3, there are some expected differences in the number
of pathways for each category, but the trend observed in the
original paper remains: ECM is observed only in the enrich-
ment analysis of down-regulated genes, immune system re-
lated pathways are mainly present in the enrichment anal-
ysis of upregulated genes in glomeruli, and signal transduc-
tion is more prominent in the enrichment analysis of down-
regulated genes. There is a larger number of metabolic path-
ways in our analysis, not surprisingly as pathDIP 5 has more
metabolic pathways compared to version 3 used in the original
publication.

Pathways linked to microRNAs in traumatic brain injury

A recent study performed a metanalysis of microRNAs differ-
entially expressed in biofluids of patients with traumatic brain
injury (TBI) (27). The researchers gathered the gene targets of
the microRNAs from mirDIP (28)—a database of microRNA-
target interactions—and subsequently used them to perform
pathway enrichment analysis using pathDIP 4. We re-run the
analysis using the ‘Search miRNAs’ tab of pathDIP 5. Sim-
ilarly, the majority of shared pathways are linked to signal
transduction, but while the researchers used word enrichment
analysis for this finding, we used the automated pathway con-
solidation. As visible in Figure 4A, this provides a faster way
to identify which categories of pathways are shared (or exclu-
sive) when comparing different sets. We also looked at spe-
cific signalling pathways as in the original paper and identified
the same types of signalling as in the original paper, highlight-
ing that a large reduction in the number of databases did not
drastically change the message obtained in previous analyses.
Figure 4B shows the g-value of signalling pathways present
in all three biofluids, as those were the focus of the original
paper discussion, and provides an unbiased and reproducible
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view of the pathways obtained, while in the original paper,
due to the number of pathways, the researchers had to manu-
ally select the most representative candidates to highlight. We
then demonstrated that using a combination of the miRNA-
specific tab and the preset consolidation can provide a faster,
unbiased and reproducible way to reach the same (or similar)
desired results.

Investigation of gene coverage by source and set

PathDIP has always aimed to reduce bias and increase cover-
age by integrating multiple databases to expand the number
of annotated genes provided and predicting pathway associ-
ations to augment the number of pathway annotations per
gene as well as the number of annotated genes. This results
in providing annotations also for genes that have no path-
way annotation in the literature so far (what we refer to as
pathway orphans, analogous to interactome orphans (29)).
Using 138 genes most frequently deregulated in osteoarthri-
tis, as described in (30), we queried pathDIP and exported the
pie charts to investigate the gene coverage per source and set.
As visible in Supplementary Figure 1, most of our genes have
literature-curated annotation in Reactome, but still, 21% of
our genes would not be annotated if we were using only Re-
actome, compared to 11% using all the available databases.
More importantly, the 16 genes missing from the literature-
curated set are clearly pathway orphans. Using pathway pre-
dictions, we can provide annotation for 4 (using only exper-
imental PPIs) or 13 (using experimental and predicted PPIs)
more genes, reaching annotation coverage for 98% of the
genes of interest. Having annotations for all the genes of inter-
est is important to ensure pathway enrichment analysis identi-
fies pathways from the full gene set, not only a (small) fraction
of genes, which leads to biased conclusions. These results also
highlight one reason for irreproducible results, as results from
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pathway enrichment analysis often drive follow-up functional
studies; and depending on which database one uses, the re-
sults could be drastically different, especially for the database-
specific pathway orphans.

Drugs targeting specific pathways

Using the same 138 osteoarthritis-related genes as above,
we performed pathway enrichment analysis using extended
pathway association with experimentally detected and com-
putationally predicted PPIs. We obtained 724 pathways, the
one with the lowest p-value being ‘MATRIX REGULATION’
from ACSN2. Running Drugst.One (https://drugst.one) on
this pathway and selecting to show the drugs that target the
query genes in MATRIX REGULATION, we obtained the
network in Figure 5. Quercetin is the drug that, in this net-
work, targets the highest number of genes (4: MMP1, MMP3,
MMP9 and MMP13). Quercetin has been shown to prevent
osteoarthritis progression through the reduction of inflamma-
tion and ECM degradation, and by regulating cartilage matrix
degradation and remodelling (31,32), and has been shown to
be effective in improving the health of osteoarthritis patients

(33).

Discussion

PathDIP 5 addresses the shortcomings related to the number
of pathways obtained by the integration of multiple databases:
genome coverage, annotation biases, and statistical power.

The ability to reduce and select different kinds of path-
ways beforehand provides more specific results with lower
adjusted p-values. No other pathway database, to our knowl-
edge, provides the possibility to perform pathway enrichment
analysis using only a subset of pathway types. It is important
to note, though, that the selection should focus on reducing
the noise and not increasing the bias. For example, removing
disease-related pathways when studying genes linked to a spe-
cific disease reduces the noise, while selecting only metabolic
pathways involved in a specific process increases the bias. A
researcher needs to be aware of the difference and alert to
their own biases, which should all be described in the paper
to ensure reproducible science (note, results downloaded from
pathDIP include those details as well).

The possibility of grouping the enriched pathways based
on their type or category provides the researchers, as shown
in our examples, with the ability to select subsets or showcase
high-level functions performed by the genes of interest even
when the number of results is quite large. This is important
because it provides the ability to obtain better annotations
for the genes at hand (the original aim of pathDIP) without
getting overwhelmed by the number of annotations obtained.
Pathway consolidation has been attempted by a few groups,
and released in databases with aims different compared to
pathDIP. PathMe (34) integrates only KEGG, Reactome and
WikiPathways, and is focused on the exploration and visual-
ization of integration, consensus and cross-talks among path-
ways. Similarly, PathCards (35) focuses on the integration
and visualization of pathways from Reactome, KEGG, Phar-
mGKB, WikiPathways, QIAGEN, HumanCyc, Pathway Inter-
action Database, Tocris Bioscience, GeneGO, Cell Signaling
Technologies (CST), R&D Systems and Sino Biological, with-
out providing data download or pathway enrichment analy-
sis. ComPath (36) includes WikiPathways, KEGG and Reac-
tome and provides the possibility to either perform enrich-
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ment analysis or visualize pathway similarity and overlap.
While the data can be obtained in multiple tabs, it is harder
to integrate than in pathDIP. NCATS BioPlanet (37) integrates
KEGG, BioCarta, Reactome, WikiPathways, NCI-Nature, Sci-
ence Signaling and NetPath, and provides pathway enrich-
ment as well as consolidation. The portal is quite user-friendly
and provides several useful annotations, but the downloaded
files do not provide enrichment results. All these databases
provide data only for Homo sapiens.

The integration with other tools, like mirDIP and
Drugst.One, enables faster and more streamlined analyses.
The ability to query pathDIP through API leads to integration
in diverse bioinformatics workflows, providing a useful tool
for bioinformaticians and computational biologists. To in-
crease pathDIP usability and thus user base, the database now
provides multiple tables and graphs, supports more immedi-
ate visualization of multiple results, and offers less computer-
savvy users more options for interpretable and publication-
ready results.

Data availability

PathDIP 5 is freely available at https://ophid.utoronto.ca/
pathDIP.
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Supplementary Data are available at NAR Online.

Funding

Natural Sciences Research Council (NSERC) [203475];
Canada Foundation for Innovation (CFI) [225404, 30865];
Ontario Research Fund [RDI 34876, RE010-020]; .B.M. and
Ian Lawson van Toch Fund; the funders had no role in the de-
sign, writing, decision to publish or preparation of this study.
Funding for open access charge: NSERC [203475].

Conflict of interest statement

None declared.

References

1. Rahmati,S., Pastrello,C., Rossos,A.E.M. and Jurisica,l. (2019) Two
decades of biological pathway databases: results and challenges.
Encyclop. Bioinformatics Comput. Biol., 1,1071-1084.

2. Rahmati,S., Abovsky,M., Pastrello,C. and Jurisica,l. (2017)
pathDIP: an annotated resource for known and predicted human
gene-pathway associations and pathway enrichment analysis.
Nucleic Acids Res., 45, D419-D426.

3. Agapito,G., Pastrello,C., Niu,Y. and Jurisica,l. (2022) Pathway
integration and annotation: building a puzzle with non-matching
pieces and no reference picture. Brief. Bioinform., 23, bbac368.

4. Kuperstein,l., Bonnet,E., Nguyen,H.-A., Cohen,D., Viara,E.,
Grieco,L., Fourquet,S., Calzone,L., Russo,C., Kondratova,M., et al.
(2015) Atlas of Cancer Signalling Network: a systems biology
resource for integrative analysis of cancer data with Google Maps.
Oncogenesis, 4, e160.

5. Nishimura,D. (2001) BioCarta. Biotech. Softw. Internet Rep., 2,
117-120.

6. Karp,P.D., Billington,R., Caspi,R., Fulcher,C.A., Latendresse,M.,
Kothari,A., Keseler,]. M., Krummenacker,M., Midford,P.E.,
Ong,Q., et al. (2019) The BioCyc collection of microbial genomes
and metabolic pathways. Brief. Bioinform., 20, 1085-1093.


https://drugst.one
https://ophid.utoronto.ca/pathDIP
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1027#supplementary-data

Nucleic Acids Research, 2024, Vol. 52, Database issue

7.

10.

11.

12.

13.

14.

15

16.

17.

18.

19.

20

21.

22.

23.

Kanehisa,M., Furumichi,M., Sato,Y., Ishiguro-Watanabe,M. and
Tanabe,M. (2021) KEGG: integrating viruses and cellular
organisms. Nucleic Acids Res., 49, D545-D551.

. Wang,H., Robinson,].L., Kocabas,P., Gustafsson,]., Anton,M.,

Cholley,P.-E., Huang,S., Gobom,]., Svensson,T., Uhlen,M., et al.
(2021) Genome-scale metabolic network reconstruction of model
animals as a platform for translational research. Proc. Natl. Acad.
Sci. U.S.A., 118,¢2102344118.

. Thomas,P.D., Ebert,D., Muruganujan,A., Mushayahama,T.,

Albou,L. and Mi,H. (2022) PANTHER: making genome-scale
phylogenetics accessible to all. Protein Sci., 31, 8-22.
Wishart,D.S., Li,C., Marcu,A., Badran,H., Pon,A., Budinski,Z.,
Patron,]., Lipton,D., Cao,X., Oler,E., e al. (2020) PathBank: a
comprehensive pathway database for model organisms. Nucleic
Acids Res., 48, D470-D478.

Whirl-Carrillo,M., Huddart,R., Gong,L., Sangkuhl,K., Thorn,C.E,
Whaley,R. and Klein,T.E. (2021) An evidence-based framework
for evaluating pharmacogenomics knowledge for personalized
medicine. Clin. Pharmacol. Ther., 110, 563-572.

Gillespie,M., Jassal,B., Stephan,R., Milacic,M., Rothfels,K.,
Senff-Ribeiro,A., Griss,]., Sevilla,C., Matthews,L., Gong,C., et al.
(2022) The reactome pathway knowledgebase 2022. Nucleic
Acids Res., 50, D687-D692.

Lo Surdo,P., lannuccelli,M., Contino,S., Castagnoli,L., Licata,L.,
Cesareni,G. and Perfetto,L. (2023) SIGNOR 3.0, the SIGnaling
network open resource 3.0: 2022 update. Nucleic Acids Res., 51,
D631-D637.

Bateman,A., Martin,M.-]., Orchard,S., Magrane,M., Ahmad,S.,
Alpi,E., Bowler-Barnett,E.H., Britto,R., Bye-A-Jee,H., Cukura,A.,
et al. (2023) UniProt: the Universal Protein Knowledgebase in
2023. Nucleic Acids Res., 51,D523-D531.

. Martens,M., Ammar,A., Riutta,A., Waagmeester,A., Slenter,D.N.,

Hanspers,K., A. Miller,R., Digles,D., Lopes,E.N., Ehrhart,F, et al.
(2021) WikiPathways: connecting communities. Nucleic Acids
Res., 49, D613-D621.

Seal,R.L., Braschi,B., Gray,K., Jones,T.E.M., Tweedie,S.,
Haim-Vilmovsky,L. and Bruford,E.A. (2023) Genenames.org: the
HGNC resources in 2023. Nucleic Acids Res., 51,D1003-D1009.
Liw,Y. and Li,G. (2023) Empowering biologists to decode omics
data: the Genekitr R package and web server. BMC Bioinf., 24,
214.

Kotlyar,M., Pastrello,C., Ahmed,Z., Chee,]., Varyova,Z. and
Jurisica,l. (2022) IID 2021: towards context-specific protein
interaction analyses by increased coverage, enhanced annotation
and enrichment analysis. Nucleic Acids Res., 50, D640-D647.
Cunningham,E, Allen,].E., Allen,]., Alvarez-Jarreta,].,
Amode,M.R., Armean,[.M., Austine-Orimoloye,O., Azov,A.G.,
Barnes,l., Bennett,R., et al. (2022) Ensembl 2022. Nucleic Acids
Res., 50, D988-D99S.

. Benjamini,Y. and Hochberg,Y. (1995) Controlling the false

discovery rate: a practical and powerful approach to multiple
testing. J. Roy. Stat. Soc. B, 57,289-300.

Kanehisa,M., Furumichi,M., Sato,Y., Kawashima,M. and
Ishiguro-Watanabe,M. (2023) KEGG for taxonomy-based analysis
of pathways and genomes. Nucleic Acids Res., 51, D587-D592.
Gillespie,M., Jassal,B., Stephan,R., Milacic,M., Rothfels,K.,
Senff-Ribeiro,A., Griss,]., Sevilla,C., Matthews,L., Gong,C., et al.
(2022) The reactome pathway knowledgebase 2022. Nucleic
Acids Res., 50, D687-D692.

Martens,M., Ammar,A., Riutta,A., Waagmeester,A., Slenter,D.N.,
Hanspers,K., Miller,R.A., Digles,D., Lopes,E.N., Ehrhart,E, ez al.
(2021) WikiPathways: connecting communities. Nucleic Acids
Res., 49, D613-D621.

24

2S.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

De671

. Petri, V., Jayaraman,P., Tutaj,M., Hayman,G.T., Smith,].R., De

Pons,]., Laulederkind,S.].E, Lowry,T.E, Nigam,R., Wang,S.]., et al.
(2014) The pathway ontology — updates and applications. |
Biomed. Semantics, 5, 7.

Maier,A., Hartung,M., Abovsky,M., Adamowicz,K., Bader,G.D.,
Baier,S., Blumenthal,D.B., Chen,]., Elkjaer,M.L.,
Garcia-Hernandez,C., et al. (2023) Drugst.One — a plug-and-play
solution for online systems medicine and network-based drug
repurposing. arXiv doi: https://arxiv.org/abs/2305.15453, 04 July
2023, preprint: not peer reviewed.

Clotet-Freixas,S., McEvoy,C.M., Batruch,l., Pastrello,C.,
Kotlyar,M., Van,].A.D., Arambewela,M., Boshart,A., Farkona,S.,
Niu,Y., et al. (2020) Extracellular matrix injury of kidney
allografts in antibody-mediated rejection: a proteomics study. J.
Am. Soc. Nephrol., 31,2705-2724.

Matyasova,K., Csicsatkova,N., Filipcik,P., Jurisica,l. and Cente,M.
(2021) Peripheral microRNA alteration and pathway signaling
after mild traumatic brain injury. Gen. Physiol. Biophys., 40,
523-539.

Hauschild,A.-C., Pastrello,C., Ekaputeri,G.K.A.,
Bethune-Waddell,D., Abovsky,M., Ahmed,Z., Kotlyar,M., Lu,R.
and Jurisica,l. (2023) MirDIP 5.2: tissue context annotation and
novel microRNA curation. Nucleic Acids Res., 51, D217-D225.
Kotlyar,M., Pastrello,C., Pivetta,F., Lo Sardo,A., Cumbaa,C., Li,H.,
Naranian,T., Niu,Y., Ding,Z., Vafaee,F, et al. (2015) In silico
prediction of physical protein interactions and characterization of
interactome orphans. Nat. Methods, 12, 79-84.

Pastrello,C., Abovsky,M., Lu,R., Ahmed,Z., Kotlyar,M.,
Veillette,C. and Jurisica,l. (2022) Osteoarthritis Data Integration
Portal (OsteoDIP): a web-based gene and non-coding RNA
expression database. Osteoarthr Cartil Open, 4, 100237.
Wang,H., Yan,Y., Pathak,].L., Hong,W., Zeng,]J., Qian,D., Hao,B.,
Li,H., Gu,J., Jaspers,R.T., et al. (2023) Quercetin prevents
osteoarthritis progression possibly via regulation of local and
systemic inflammatory cascades. J. Cell. Mol. Med., 27, 515-528.
Hu,Y., Gui,Z., Zhou,Y., Xia,L., Lin,K. and Xu,Y. (2019) Quercetin
alleviates rat osteoarthritis by inhibiting inflammation and
apoptosis of chondrocytes, modulating synovial macrophages
polarization to M2 macrophages. Free Radic. Biol. Med., 145,
146-160.

Matsuno,H., Nakamura,H., Katayama,K., Hayashi,S., Kano,S.,
Yudoh,K. and Kiso,Y. (2009) Effects of an oral administration of
glucosamine-chondroitin-quercetin glucoside on the synovial fluid
properties in patients with osteoarthritis and rheumatoid arthritis.
Biosci. Biotechnol. Biochem., 73, 288-292.
Domingo-Fernandez,D., Mubeen,S., Marin-Llad,]., Hoyt,C.T. and
Hofmann-Apitius,M. (2019) PathMe: merging and exploring
mechanistic pathway knowledge. BMC Bioinf., 20, 243.
Belinky,E, Nativ,N., Stelzer,G., Zimmerman,S., Iny Stein,T.,
Safran,M. and Lancet,D. (2015) PathCards: multi-source
consolidation of human biological pathways. Database, 2015,
bav006.

Domingo-Fernandez,D., Hoyt,C.T., Bobis-Alvarez,C.,
Marin-Llad,]. and Hofmann-Apitius,M. (2018) ComPath: an
ecosystem for exploring, analyzing, and curating mappings across
pathway databases. NPJ Syst. Biol. Appl., 4, 43.

Huang,R., Grishagin,l., Wang,Y., Zhao,T., Greene,].,
Obenauer,].C., Ngan,D., Nguyen,D.-T., Guha,R., Jadhav,A., et al.
(2019) The NCATS BioPlanet — an integrated platform for
exploring the universe of cellular signaling pathways for
toxicology, systems biology, and chemical genomics. Front.
Pharmacol., 10,437284.

Received: September 14, 2023. Revised: October 16, 2023. Editorial Decision: October 18, 2023. Accepted: October 20, 2023

© The Author(s) 2023. Published by Oxford University Press on behalf of Nucleic Acids Research.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse,
distribution, and reproduction in any medium, provided the original work is properly cited.


https://arxiv.org/abs/2305.15453

	Graphical abstract
	Introduction
	Materials and methods
	Results
	Discussion
	Data availability
	Supplementary data
	Funding
	Conflict of interest statement
	References

