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ABSTRACT

How to effectively convert genomic summary data
into downstream knowledge discovery represents a
major challenge in human genomics research. To ad-
dress this challenge, we have developed efficient
and effective approaches and tools. Extending our
previously established software tools, we here intro-
duce OpenXGR (http://www.openxgr.com), a newly
designed web server that offers almost real-time en-
richment and subnetwork analyses for a user-input
list of genes, SNPs or genomic regions. It achieves so
through leveraging ontologies, networks, and func-
tional genomic datasets (such as promoter capture
Hi-C, e/pQTL and enhancer-gene maps for linking
SNPs or genomic regions to candidate genes). Six
analysers are provided, each doing specific interpre-
tations tailored to genomic summary data at various
levels. Three enrichment analysers are designed to
identify ontology terms enriched for input genes, as
well as genes linked from input SNPs or genomic
regions. Three subnetwork analysers allow users to
identify gene subnetworks from input gene-, SNP- or
genomic region-level summary data. With a step-by-
step user manual, OpenXGR provides a user-friendly
and all-in-one platform for interpreting summary data
on the human genome, enabling more integrated and
effective knowledge discovery.
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INTRODUCTION

Human genomics research produces complex raw genomic
data that can be simplified into summary-level data that
capture essential information ready for sharing and min-
ing. Without loss of generality, we define genomic summary
data as a list of genes, SNPs or genomic regions, along
with their summary statistics about the significance level
(e.g. P-values) (1). Gene-level summary data are often gen-
erated from differential expression studies (2), SNP-level
summary data from genome-wide association studies (3),
and genomic region-level summary data from epigenomic
studies (4,5). This simplification of data allows for more
straightforward analyses, but how to effectively convert ge-
nomic summary data into downstream knowledge discov-
ery remains one of the major challenges in human genomics
research.

To address the challenges described above, we have de-
veloped eXploring Genomic Relations or XGR (1) by
demonstrating how ontologies enhance genomic summary
data interpretation and how to enable insights at the gene
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subnetwork level. A dozen ontologies have been created to
annotate genes regarding functions (6), phenotypes (7,8),
diseases (9,10) and other attributes. By integrating a ref-
erence gene network that consolidates interaction knowl-
edge (11) with genomic summary data, a subset of the
gene network can be identified to best explain the data,
thereby gaining insights at the gene subnetwork level. In-
terpreting non-coding SNPs or genomic regions, however,
requires additional use of functional genomic datasets, due
to the inherent difficulty in linking them to candidate genes.
This difficulty can be resolved by leveraging information
from promoter capture Hi-C (PCHi-C) datasets that cap-
ture physical interactions with gene promoters (12), quanti-
tative trait loci (QTL) datasets that capture genetic regula-
tion with gene expression (eQTL) (13,14) or protein abun-
dance (pQTL) (15), and datasets about enhancer-gene maps
that are constructed using the activity-by-contact (ABC)
model (16,17).

Extensively extending our XGR software since its first re-
lease (1) and incorporating verified approaches and tools
(18-25), in this study, we introduce a newly designed web
server ‘OpenXGR’ (Figure 1), which is available at http:
/Iwww.openxgr.com. Overall, the server is designed to be
scalable, efficient and effective, enabling almost real-time
enrichment and subnetwork analyses for user-input lists of
three different entities: genes, SNPs and genomic regions. It
is not only limited to the gene- or SNP-centric data types
but is also capable of interpreting genomic regions. This
generality of capacity for interpreting different entities on
the fly is not available elsewhere, thus complementing other
popular web servers such as DAVID (26), Enrichr (27) and
GREAT (28) that are the most relevant to OpenXGR,
and also competitive to standalone tools such as DEPICT
(29), MAGMA (30) and jActiveModule (31). OpenXGR
achieves this capacity by leveraging increasingly available
ontologies, networks, and functional genomic datasets (i.e.
PCHi-C, ¢/pQTL and ABC). Along with a user manual
with step-by-step instructions, it offers a user-friendly and
all-in-one way to interpret genomic summary data for more
integrated and effective knowledge discovery.

In the remaining sections, we will provide an overview of
the OpenXGR web server implementation, its six analysers,
and the underlying knowledgebase. We will then delve into
each analyser that may be of interest to users, with utilities
illustrated using practical examples from real-world scenar-
i0s, including ageing-related genes (32), gene-level summary
data for early human organogenesis (33), SNP-level sum-
mary data for chronic inflammatory diseases (34), and ge-
nomic region-level summary data for innate immune acti-
vation and tolerance (4). Finally, we will conclude with the
discussion on the limitations of OpenXGR and the direc-
tions for future developments.

MATERIALS AND METHODS
Implementation of the OpenXGR web server

The OpenXGR web server (Figure 1) was newly imple-
mented using the Perl real-time web framework ‘Mojoli-
cious’ (https://mojolicious.org) and the widely-used ‘Boot-
strap’ (https://getbootstrap.com) to create a mobile-first
and responsive design that ensures fast and responsive per-

formance across all major web browsers and mobile de-
vices. All backend computations can be completed within
three minutes on the server side to ensure timely delivery
of outputs to users. All outputs displayed on the results
page are generated using the R package ‘bookdown’ (https:
//bookdown.org), providing users with a self-contained dy-
namic HTML file for download and exploration. Addition-
ally, a user manual with step-by-step instructions is made
available where needed to facilitate ease of use and provide
guidance for users.

Two types of analysers supported by OpenXGR

The OpenXGR web server offers a range of analysers for
conducting enrichment and subnetwork analyses leverag-
ing ontologies and networks. Presently, two types of anal-
ysers are supported: one for enrichment analysis designed
to identify ontology enrichments, and the other for subnet-
work analysis designed to identify gene subnetworks.

Enrichment analysis comprises three analysers that iden-
tify enriched ontology terms. These analysers take as in-
put a list of genes, SNPs or genomic regions. One-sided
Fisher’s exact test is used to calculate Z-scores, odds ra-
tio with its 95% confidence interval (CI), and false discov-
ery rate (FDR) for measuring the significance of enrich-
ments. The following are the three analysers supported by
OpenXGR:

(1) Enrichment analyser for genes ( EAG ), which uses gene-
centric ontology annotations to perform enrichment
analysis.

(i1) Enrichment analyser for SNPs ( EAS), which identifies
genes linked from input SNPs (alongside the signifi-
cance information) and conducts ontology enrichment
analysis for the linked genes. Linking SNPs to genes is
enabled by genomic proximity or using functional ge-
nomic datasets about PCHi-C and e/pQTL.

(ii1) Enrichment analyser for genomic regions ( EAR ), which
is similar to EAS that first identifies genes linked
from input genomic regions using functional genomic
datasets about PCHi-C and enhancer-gene maps and
then conducts ontology enrichment analysis based on
the linked genes.

Subnetwork analysis is performed using three analysers
that identify gene subnetworks from input gene-, SNP- or
genomic region-level summary data. All subnetwork anal-
ysers require the input of the information about the signif-
icance level (e.g. P-values). The subnetwork identification
is done via a heuristic solver for the prize-collecting Steiner
tree problem, demonstrated to be competitive to other state-
of-the-art algorithms (1,24). The significance (P-value) of
the identified gene subnetwork can be estimated using a
degree-preserving node permutation test to count how of-
ten it would be expected by chance. The following are the
three subnetwork analysers supported by OpenXGR:

(1) Subnetwork analyser for genes (SAG), which takes as
input gene-level summary data to identify a subset of
the gene network in a manner that the resulting subnet-
work contains a desired number of highly scored and
interconnected genes.
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Figure 1. Schematic illustration of how the OpenXGR web server works and what to expect from it. The server at http://www.openxgr.com offers six
analysers that are designed to interpret various genomic summary data related to genes (G), SNPs (S) and genomic regions (R). By leveraging built-in
knowledgebase on ontologies, networks and functional genomics, these analysers allow almost real-time enrichment and subnetwork analyses, enabling
identification of ontology enrichments and gene subnetworks. A user manual is made available to provide step-by-step instructions on the use.

(i1) Subnetwork analyser for SNPs (SAS), which identi- enhancer-gene maps, followed by subnetwork analysis
fies a gene subnetwork from input SNP-level summary based on the linked genes.
data. It first uses genomic proximity, e/pQTL or PCHi-
C to link SNPs to genes, and then uses information on
the linked genes to identify the gene subnetwork.

(1i1) Subnetwork analyser for genomic regions (SAR ), which
is similar to SAS that first identifies genes linked Enrichment analysis in OpenXGR is supported by a variety
from input genomic regions using PCHi-C datasets or of ontologies that span a wide range of knowledge contexts,

Leveraging knowledgebase on ontologies, networks and func-
tional genomic datasets
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ranging from functions and pathways to regulators, from
diseases and phenotypes to drugs, and from protein do-
mains and disorders to hallmarks and evolution. Ontologies
currently supported are: (a) functions: Gene Ontology (GO)
(6) (accessed in April 2023), subdivided into GO Biological
Process (GOBP), GO Molecular Function (GOMF), and
GO Cellular Component (GOCCQC); (b) pathways: KEGG
(35) (105.0 release), REACTOME (36) (version 84 release),
pathways from MSIGDB (37) (v2023.1.Hs release), and
MitoPathways from MitoCarta (38) (3.0 version); (c) reg-
ulators: ENRICHR Consensus TFs (27) (accessed in April
2023) and TRRUST (39) (2018.04.16 release); (d) diseases:
Mondo Disease Ontology (MONDO) (9) (v2023-01-04 re-
lease), Disease Ontology (10) (March 2023 release), and Ex-
perimental Factor Ontology (EFO) for disease traits (40)
(3.52.0 release); (e) phenotypes: Human Phenotype Ontol-
ogy (HPO) (8) (June 2022 release) and Mammalian Phe-
notype Ontology (MPO) (7) (accessed in April 2023); (f)
drugs: DGIdb druggable categories (41) (2022-Feb release),
target tractability buckets (Bucket) (42) (23.02 release), and
ChEMBL drug indications (43) (version 32); (g) domains &
disorders: SCOP (44), Pfam (45), InterPro (46), and Intrin-
sically Disordered Proteins Ontology (IDPO) (47) and (h)
hallmarks & evolution: molecular signature hallmarks from
MSigDB (48) and Phylostratigraphy (49).

Subnetwork analysis in OpenXGR leverages the knowl-
edge of functional or pathway interaction networks. Func-
tional interaction networks are sourced from the STRING
database (11) (version 11.5), with only the ‘experiments’ and
‘databases’ source codes considered. Functional interac-
tions are classified as having the highest confidence (>0.9),
high confidence (>0.7), and medium confidence (>0.4).
Pathway interaction networks are sourced from the KEGG
database (35) (105.0 release), with all individual pathways
being merged into a gene network.

In OpenXGR, linking SNPs to genes is enabled through
genomic proximity, PCHi-C or ¢/pQTL, while linking
genomic regions to genes is achieved based on PCHi-
C or enhancer-gene maps. Functional genomic datasets
currently supported include PCHi-C in immune-, blood-
and brain-related cell types (50-53), plasma pQTL (15),
blood eQTL from the eQTLGene Consortium (14), ecQTL
in immune-related cell types and brain-related tissues
(13,54,55), and enhancer-gene maps in ENCODE or
Roadmap cell types constructed using the ABC model
(16,17).

RESULTS

Capabilities of enrichment analysers in identifying enriched
ontology terms from input genes, SNPs or genomic regions

Enrichment Analyser (Genes)— EAG conducts enrichment
analysis for genes leveragingontologies. EAG is designed to
leverage gene-centric ontology annotations to identify en-
riched ontology terms from input genes. The tool comprises
two major steps, which are outlined in the user-request in-
terface (Figure 2A). The interface takes a list of genes as in-
put, such as ~300 ageing-related genes as an illustrative ex-
ample (32). Available ontologies are organised by category
(Table 1). Additional parameters can be specified to control
the enrichment analysis and results. The interface features a

toggle button to show/hide information on the use, includ-
ing details on input, output and other useful information,
as well as a key icon that provides an example input/output
showcase. In the results page (Figure 2B), the ‘Input Gene In-
formation’ tab lists the input genes and hyperlinks to their
corresponding GeneCards pages for additional information
and displays the server-side runtime. The ‘Output: Enriched
Terms’ tab features an interactive table that displays en-
riched ontology terms, along with their significance infor-
mation such as Z-scores, FDR, odds ratio and its 95% CI. It
also shows member genes that overlap with the input genes.
The results are also illustrated in the ‘Output: Dotplot’ tab,
displaying the top five terms with their respective Z-scores
and FDR (Figure 2C), and in the ‘Output: Forest Plot’ tab,
listing the top enriched terms ordered by odds ratio (Figure
2D). As expected, the most enrichments are ageing-related,
such as FoxO signaling, longevity regulating pathways, and
ageing. It is worth noting that all enrichment results are em-
bedded into a self-contained dynamic HTML file that can
be downloaded and explored interactively in a new browser
window. We highly recommend users download this file for
subsequent exploration.

Enrichment Analyser (SNPs) — EAS links SNPs to can-
didate genes for enrichment analysis. EAS achieves this by
linking input SNPs to candidate genes in three steps. The
user-request interface requires two pieces of information
as input: SNPs and their significance info (p-values). For
example, the interface presents an illustrative example of
~210 SNPs and their reported p-values for chronic inflam-
matory diseases (34). By default, this analyser considers in-
put SNPs with a P-value threshold of <5 x 1078, and addi-
tional SNPs in linkage disequilibrium (R* >0.8) according
to the European population, though other populations are
also supported (56). Input and additional SNPs are then
linked to genes based on genomic proximity, PCHi-C or
e/pQTL (see Table 1). The linked genes are scored based
on p-values, threshold and R? for SNPs, the distance win-
dow for genomic proximity, the strength of gene promot-
ers physically interacting with SNP-harbouring genomic re-
gions for PCHi-C datasets, and the significance level defin-
inge/pQTL, as previously described (1,23). Enriched ontol-
ogy terms are identified based on enrichment analysis of the
linked genes. In addition to a dot plot and a forest plot, the
output also includes two tabular displays under the ‘Out-
put: Linked Genes’ tab. One lists the linked genes and their
scores, which range from 1 to 10. The other is an evidence ta-
ble showing which SNPs are used to define the linked genes
based on which datasets.

Enrichment Analyser ( Genomic Regions) — EAR links ge-
nomic regions to candidate gemes for enrichmentanalysis.
EAR works similarly to EAS, but instead of input SNPs,
it links input genomic regions to candidate genes and per-
forms enrichment analysis on them. Users specify the ge-
nomic coordinates of the input regions, including the chro-
mosome, start, and end positions. The genome build for the
input regions is also required, with hgl9 used internally as
a default and automatically converted if a different build
is provided. For example, an input of ~380 differentially
expressed enhancer RNAs (non-coding regions) involved
in innate immune activation and tolerance is used as an
illustration (4). The linked genes are identified and scored
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Figure 2. Enrichment analysis for genes using EAG. (A) User-request interface. The interface takes as input a list of genes and provides available ontologies
(listed in Table 1). (B) Enrichment results page. It displays a summary of input data under the ‘Input Gene Information’ tab, a table of enriched ontology
terms under the ‘Output: Enriched Terms’ tab, a dot plot of enrichments under the ‘Output: Dotplot’ tab (see C), and a forest plot of enrichments under
the ‘Output: Forest Plot’ tab (see D).
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Table 1. A summary of web browser compatibility, analysers, and built-in knowledgebase (ontologies, networks and genomic datasets) in OpenXGR

Objects

Characteristics to compare

Web browser compatibility

Safari
Edge
Chrome
Firefox

Analysers

EAG
EAS
EAR
SAG
SAS

SAR

Built-in ontologies

GOBP
GOMF
GOCC
KEGG
REACTOME
MSIGDBpath
MITOPATH
CTF
TRRUST
MONDO
DO

EFO

HPO

MPO
DGIdb
Bucket
ChEMBL
SCOPsf
SCOPfa
Pfam
InterPro
IDPO

MSIGDBh
PSG

Built-in gene networks

STRING
KEGG

Built-in functional genomic datasets

PMID27863249
PMID31501517
PMID31367015
PMID25938943
PMID29875488
PMID34475573
PMID30449622
PMID32913098
PMID33828297

PMID33828297

MacOS (Big Sur)
15.6.1

N/A
108.0.5359.124
108.0.1

Type

Enrichment
Enrichment
Enrichment
Subnetwork
Subnetwork
Subnetwork

Category

Functions

Functions

Functions

Pathways

Pathways

Pathways

Pathways

Regulators
Regulators

Diseases

Diseases

Diseases

Phenotypes
Phenotypes

Drugs

Drugs

Drugs

Domains & Disorders
Domains & Disorders
Domains & Disorders
Domains & Disorders
Domains & Disorders

Hallmarks & Evolution
Hallmarks & Evolution

Category
Functions
Pathways

Category
PCHi-C

Windows(10)
N/A
108.0.1462.54
108.0.5359.124
108.0.1

Description

Enrichment Analyser (Genes)
Enrichment Analyser (SNPs)
Enrichment Analyser (Regions)
Subnetwork Analyser (Genes)
Subnetwork Analyser (SNPs)
Subnetwork Analyser (Regions)

Description
Gene Ontology Biological Process

Gene Ontology Molecular Function
Gene Ontology Cellular Component

KEGG pathways
REACTOME pathways
MSIGDB pathways
MitoPathway pathways
ENRICHR Consensus TFs
ENRICHR TRRUST TFs
Mondo Disease Ontology
Disease Ontology
Experimental Factor Ontology
Human Phenotype Ontology
Mammalian Phenotype Ontology
DGIdb druggable categories
Target tractability buckets
ChEMBL drug indications
SCOP superfamily domains
SCOP family domains

Pfam domains

InterPro domains

Intrinsically Disordered Proteins
Ontology

MSIGDB hallmarks
Phylostratigraphy

Description
Functional interaction networks
Pathway interaction networks

Description

Blood-related cell types or states (n = 16)

Brain-related tissues (n = 3)
Brain-related tissues (n = 4)
Blood-related cell types (n = 2)
Plasma eQTL

Blood eQTLGen

Immune-related cell types (n = 15)
Brain-related tissues (n = 13)

ENCODE cell types (all combined to be

cell type-agnostic)

Roadmap cell types (all combined to be

cell type-agnostic)

Linux (Ubuntu)
N/A

N/A
108.0.5359.124
108.0.1

Entities

Genes

SNPs

Genomic regions
Genes

SNPs

Genomic regions

Used by analysers
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR
EAG, EAS, EAR

EAG, EAS, EAR
EAG, EAS, EAR

Used by analysers
SAG, SAS, SAR
SAG, SAS, SAR

Used by analysers
EAS, EAR, SAS, SAR
EAS, EAR, SAS, SAR
EAS, EAR, SAS, SAR
EAS, EAR, SAS, SAR
EAS, SAS

EAS, SAS

EAS, SAS

EAS, SAS

EAR, SAR

EAR, SAR
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Figure 3. Subnetwork analysis for gene-level summary data using SAG. The left panel shows the user-request interface where input gene-level summary
data can be provided. The right panel visualises the identified gene subnetwork, with genes/nodes color-coded by their input gene significance information.

based on genomic proximity, PCHi-C, or enhancer-gene
maps (see Table 1). The output includes tabular displays
of the linked genes and graphical plots of enriched ontol-
ogy terms. The linked gene table under the ‘Output: Linked
Genes’ tab displays information on genes linked from input
genomic regions, including scores that quantify the degree
to which genes are likely modulated by input genomic re-
gions. The evidence table displays information on which re-
gions are linked to genes based on which evidence. Taken
together, EAR can handle various genomic regions, such
as differentially expressed regions, differentially methylated
DNA regions, transcription factor binding sites, and epi-
genetic marks from epigenomic experiments. It assists in
the interpretation by identifying ontology enrichments and
candidate genes associated with input genomic regions.

Capabilities of subnetwork analysers in identifying gene sub-
networks from input gene-, SNP- or genomic region-level
summary data

Subnetwork Analyser (Genes) — SAG performs subnetwork
analysis for gene-level summary data leveraging networks.
SAG s an analyser designed to exploit knowledge of protein
interactions or pathway-derived gene interactions to iden-
tify gene subnetworks from input gene-level summary data
(Figure 3). A typical example would be a list of differentially
expressed genes with their corresponding significance infor-
mation. An illustrative example provided in the user-input
interface is the list of stage-transitive differential genes be-
tween Carnegie stages 9 and 10 during early human organo-
genesis (33). Functional interaction networks are sourced
from the STRING database (11), and by default, the high-
confidence interactions are used, corresponding to ~14 800
genes and ~203 900 interactions. Pathway interaction net-
works are derived by merging pathways from the KEGG
database (35), collectively forming a gene network with
~6000 genes and ~59 000 interactions. SAG aims to iden-

tify a subset of the gene network in such a way that the re-
sulting gene subnetwork (or ‘pathway crosstalk’ if pathway
interactions are used) contains most, if not all, of the most
significantly and differentially expressed genes in this illus-
trative example (Figure 3). Interestingly, most of the subnet-
work genes are involved in circulatory system development
(ACTA2, BMP2, LDB3, MYH6, MYH7, MYL3, MYL7,
NKX2-5, NPPA, PAX6, TDGFI, TNNCI, TNNT2, TPM1I
and ZIC3), amongst which eight genes (BMP2, MYHS,
MYH7, MYL3, NKX2-5, TNNCI, TNNT2 and TPM]I) are
related to cardiac muscle tissue morphogenesis. In other
words, the identified subnetwork likely explains primordial
development of heart taking place at Carnegie stage 10 (33).
Users can specify the desired number of nodes/genes in
the resulting subnetwork, and the output is returned via a
well-established iterative search procedure (1,24). In sum-
mary, SAG takes a list of genes along with their signif-
icance information, such as differential genes showcased
here, and returns a tabular display of the subnetwork
genes and a network-like visualisation of the subnetwork
(with nodes/genes colour-coded by input gene significance
information).

Subnetwork Analyser (SNPs) — SAS links SNPs to candi-
date genes for subnetwork analysis. SAS is designed to per-
form subnetwork analysis using input SNP-level summary
data, with the goal of linking SNPs to genes for subsequent
analysis. The first three steps in user-request interface are
identical to those in EAS. Instead of specifying which on-
tology to use, users must indicate which gene network to
use and provide specifications to control the desired number
of the resulting subnetwork genes. Using the same exam-
ple as in the previous section for EAS, under the ‘Output:
Gene Subnetwork’ tab in the subnetwork results page, the
output subnetwork is visualised, with genes/nodes colour-
coded by linked gene scores. Interestingly, most of subnet-
work genes are involved in C-type lectin receptor signal-
ing (CARDY, CYLD, IL10, ILI2B, IL2, IRFI, NFKBI and
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RHOA), JAK-STAT signaling (/L10, ILI12B, IL19, IL2,
IL23R, JAK2, PDGFB, PTPN2 and SOCSI), and TNF
signaling (CCL2, FOS, IRFI, NFKBI, NOD2 and TN-
FRSFIA). These findings are consistent with the impor-
tance of these pathways in inflammation and inflammatory
diseases (57-59). In summary, SAS is a valuable online tool
that links SNPs to genes, enabling the identification of sub-
networks that are critical to the understanding of the ge-
netic basis of complex diseases. The resulting gene subnet-
work is returned in a tabular display and a network-like vi-
sualisation, which facilitates further analysis of candidate
genes, particularly enrichment analysis of subnetwork genes
to identify enriched pathways.

Subnetwork Analyser ( Genomic Regions) — SAR links ge-
nomic regions to candidate genes for subnetwork analysis.
Similar to SA4S, this analyser is specially designed for sub-
network analysis using input summary data but at the ge-
nomic region level. The first three steps in user-request in-
terface are identical to those in E4AR. Users need to indi-
cate gene networks to use and specify the desired number
of the resulting subnetwork genes. Using real-world sum-
mary data on non-coding enhancer RNAs differentially ex-
pressed upon innate immune activation and tolerance (4),
the output subnetwork is retuned under the tab ‘Output:
Gene Subnetwork’ in the results page. Enrichment analysis
of the resulting subnetwork genes via EAG identifies JAK-
STAT signaling (CDKNIA, CISH, IL10, ILIORA, ILI9,
1120, IL7, IL7R and JAK2) as the most significant path-
way (FDR = 2.0 x 107%; odds ratio = 16.0; 95% CI = [6.07,
39.7]), highlighting its crucial role in mediating innate im-
mune activation and tolerance (57).

DISCUSSION

We have developed OpenXGR to meet the growing de-
mand for efficient and effective interpretation of the ever-
increasing volume of summary-level data in genomics. De-
signed as a versatile and user-friendly web server, it can
interpret a wide range of genomic summary data related
to three different entities (namely, genes, SNPs and ge-
nomic regions). This represents a significant development
in human genomics research, as it has the potential to fa-
cilitate a more comprehensive understanding of genomic
summary data and more effective downstream knowledge
discovery.

One of the unique features of OpenXGR is its ability to
identify gene subnetworks from input summary data at the
gene, SNP and genomic region levels, providing valuable in-
sights into the functional relationships between genes (or
linked genes) and aiding in researchers to identify potential
pathways or networks that best explain specific biological
processes or diseases. Another significant advancement of-
fered by OpenXGR is its use of functional genomic datasets,
such as PCHi-C, e/pQTL and enhancer-gene maps, to link
non-coding SNPs or genomic regions to candidate genes.
This enables interpretation of input SNPs and genomic re-
gions, regardless of their location in the genome, which is
often difficult or lacking in existing tools (for interpreting
non-coding entities).

However, we recognise that there are limitations to
OpenXGR regarding the availability of functional genomic

datasets, which currently primarily support blood- and
brain-related contexts. Thus, our first aim for future devel-
opments is to expand the supporting functional genomic
datasets to include a diverse range of cell types, states and
tissues. Additionally, enrichment and subnetwork analyses
are currently limited to the human genome, so our second
aim is to support model organisms, for example, the exten-
sion to the mouse genome already on the agenda. This will
expand the capacity of OpenXGR in interpreting genomic
summary data beyond human. Looking further ahead, we
are excited about the opportunity of employing large lan-
guage models (60) to support genomic summary data in-
terpretation, either in generating ontology annotations and
gene networks or in providing outputs in a conversational
way similar to ChatGPT. Other future efforts will focus on
improving the selection panel of available options (e.g. cell
type-specific information on PCHi-C, eQTLs and enhancer-
gene maps), supporting enrichment and subnetwork analy-
ses for protein structural domains taken from the dcGO re-
source (25,61), increasing the user base, and committing to
the OpenXGR web server update twice a year. In the long
run, OpenXGR will function as an interactive, user-friendly
and all-in-one platform that accelerates genomic summary
data interpretation by leveraging ontologies, networks, and
functional genomics as well.

DATA AVAILABILITY

The OpenXGR web server is easily accessible at http:
[lwww.openxgr.com, where the user manual is also avail-
able that provides step-by-step instructions on how to
get started (http://www.openxgr.com/OpenXGRbooklet/
index.html). The source code is made available on GitHub

at https://github.com/hfang-bristol/OpenXGR-site
and Figshare at https://doi.org/10.6084/m9.figshare.
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can also be accessed through the mirror site at
http://www.genomicsummary.com/OpenXGR, along
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