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Abstract 
Motivation: Methods for sharing gene regulatory information and knowledge on FAIR principles, particularly in the 
context of tissue-specific gene regulation, remain poorly defined and implemented, hampering discovery and clinical 
genetic diagnosis.

Results: We specified FAIR principles for tissue-specific gene regulatory information and knowledge; implemented them 
by developing a registry of regulatory elements and aggregating FAIR gene regulatory information from several major 
sources; developed computational tools that utilize these FAIR resources; and demonstrated their utility by associating 
gene regulatory variants with major subtypes of congenital heart disease.

Availability and implementation: Variant prioritization infrastructure tools are available in genboree node repository at 
https://genboree.org/verdaccio/#/. Detailed documentation is available at https://ldh.clinicalgenome.org/docs/ldh/over 
view.html#related-services. The code for use case analyses and free access variant data is available on Zenodo with DOI: 
https://doi.org/10.5281/zenodo.17833070.

1 Introduction
Dramatic reduction of whole genome sequencing (WGS) cost 
(Mardis 2011) and the growing coverage of WGS by health insur
ance plans (Trosman et al. 2020, Phillips et al. 2022) have accel
erated adoption of WGS for clinical diagnosis and research 
purposes (Borchert et al. 2021, Hodder et al. 2024). The transi
tion from diagnostic whole exome sequencing (WES) to WGS 
brings into view the genetic variants outside of the �1% of the 

human genome that codes for amino acids. Such noncoding var
iants may be functional and pathogenic because they regulate 
gene expression (Blake et al. 2023).

WGS is often applied if WES does not yield genetic diagnosis. 
A good example is congenital heart diseases (CHD), a frequent 
condition affecting �1% of live births. WES and chromosomal 
microarray identify pathogenic variants for less than 30% of the 
cases (Zaidi and Brueckner 2017). Recently, however, the in
creased accessibility of WGS has enabled researchers to identify 
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regulatory variants that contribute to the condition (Smemo 
et al. 2012). Seminal study in 2020 suggests that about one in ev
ery 1000 newborns may carry a regulatory variant that causes 
CHD (Richter et al. 2020). Moreover, CHD is often caused by 
dominant de novo variants (DNVs) that can be detected by trio 
WGS and more readily identified as pathogenic due to their rela
tively small number per individual.

The identification of pathogenic regulatory variants is chal
lenging because of the large number of gene regulatory ele
ments (enhancers, insulators, promoters, etc.), exceeding by 
orders of magnitude the number of protein coding genes 
(Coppola et al. 2016). The ENCODE (Dunham et al. 2012, Luo 
et al. 2020) project alone produced a map of over a million can
didate gene regulatory elements over 20% of the genome (Lee 
and Young 2013, Levine et al. 2014, Oudelaar and Higgs 2021, 
Preissl et al. 2023). Unlike the effects of protein coding variants 
within the context of the classical triplet code and changes in 
protein structure, the effects of gene regulatory variants are 
highly dependent on the specific regulatory element affected, 
specific cell and tissue type, and developmental context (Moore 
et al. 2020, The GTEx Consortium 2020).

The interpretation of noncoding variants is informed by many 
layers of information about gene regulation. A foundational map 
of gene regulatory elements in developmental context across 
111 cell and tissue types was provided by the NIH Roadmap 
Epigenome Project (Kundaje et al. 2015, Onuchic et al. 2018). 
GTEx published a rich source of information about tissue- 
specific gene expression and eQTL associations (The GTEx 
Consortium 2020). The ongoing developmental GTEx (dGTEx) 
project expands the early maps to include relations of variants, 
regulatory elements, and genes in developmental, cellular, and 
anatomical contexts (Coorens et al. 2025). Other related projects 
such as the Human Cell Atlas (Rozenblatt-Rosen et al. 2017), 
PsychEncode (Emani et al. 2024), and the Brain Initiative Cell 
Atlas Network (BICAN) are applying an increasing diversity of 
assays to assess gene expression and decipher gene regulation 
within specific cell types and tissues in various developmental 
and physiological contexts.

The increasing diversity of sources and volume of data about 
gene regulation calls for aggregation strategies that are more 
scalable than the classical centralized data warehousing 
method (Grigoriu et al. 2021, Orlov et al. 2023). When it comes 
to raw data and metadata, FAIR (Findable, Accessible, 
Interoperable, and Reusable) principles (Wilkinson et al. 2016) 
have seen significant adoption (Garcia et al. 2019, Kapoor et al. 
2024) and improvements (Wilkinson et al. 2018), and have 
proven effective. This is amplified by the advent of AI tools, 
which critically depend on AI-readiness of training data, 
FAIRness being a key requirement for AI-readiness (Alharbi et al. 
2024, Clark et al. 2024).

While FAIRness has been traditionally defined in the context 
of data, the interpretation of WGS does not rely just on the raw 
data but also on the information and knowledge about develop
mental gene regulation. For example, the most used product of 
GTEx is not the raw data produced by the project but the de
rived information about tissue-specific gene expression and 
quantitative trait loci (xQTL) information linking gene regulatory 
variants to gene expression. This calls for extending FAIR 

principles beyond just the original data, which was the tradi
tional focus of FAIRness.

To extend the scope of application of FAIR principles, working 
within the framework of Ackoff’s Data, Information, and 
Knowledge pyramid (Ackoff 1989), we define Information as be
ing derived from data by analysis methods and Knowledge as 
consisting of general assertions supported by one or more lines 
of evidence. Examples of Knowledge are assertions about patho
genicity of variants, tissue-specific expression of genes, and ac
tivity of specific regulatory elements in specific cellular and 
anatomical contexts. Within this framework, we extend FAIR 
principles beyond just the data and associated metadata to also 
include Information and Knowledge about gene regulation and 
present four distinct contributions. First, working within the NIH 
Common Fund Data Ecosystem (CFDE), we developed a consen
sus RFC document by employing the CFDE RFC process 
(Supplementary file 1, available as supplementary data at 
Bioinformatics online) (Charbonneau et al. 2022). Second, we 
implemented the RFC by developing a registry for regulatory ele
ments and by linking gene regulatory information across major 
public sources via the CFDE Linked Data Hub. Third, we provided 
exemplary user interfaces for regulatory variant discovery and 
visualization that utilize the aggregated information. Finally, we 
validated the utility of the aggregated information by identifying 
de novo gene regulatory variants that are associated with major 
subtypes of congenital heart disease.

2 Materials and methods
2.1 CFDE Request for Comment (RFC) 
development
Following the Request for Comment (RFC) process defined by 
CFDE, we drafted the RFC document that addressed FAIR aggre
gation of gene regulatory data, information, and knowledge. 
Briefly, a questionnaire was developed to gather input from CF 
data coordination centers (DCCs) on the type of Data, 
Information, and Knowledge hosted, shared, and used as well as 
the FAIR principles adopted (Table 1, available as supplemen
tary data at Bioinformatics online). The results from 4D 
Nucleome, exRNA, GlyGen, GTEx, HuBMAP, IDG, Kids First, 
LINCS, Metabolomics, and MoTrPAC DCCs were collected, and a 
“Team-draft” of the RFC was developed based on the results 
and sent to the CFDE-RFC-Admin for review. The approved docu
ment was converted into a “CFDE-Draft” for distribution to the 
whole consortium to gather input and feedback. A final publica
tion of the RFC document, defined as the “CFDE-RFC,” was ap
proved by the CFDE Admin and made available to the 
community as a “Standard Implementation” document. All 
CFDE RFCs are available at: https://github.com/nih-cfde/rfcs/ 
blob/master/adoptionstatus.md.

2.2 reGL Registry service
The regulatory element Genomic Location (reGL) Registry ser
vice aims to provide unique identifiers (reGLids) for genomic 
regions with transcriptional or post-transcriptional regulatory 
roles. The reGL service is supported by two more generic 
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services, the Genomic Location (GL) Registry and the Alias ser
vice of the Linked Data Hub. The former was implemented in 
node.js with ArangoDB as a backend database and provides 
reference-agnostic GLids for genomic regions. The LDH-Alias ser
vice provides reGLids for regulatory elements and maps them to 
GLids and other commonly used identifiers through an LDH-like 
subject-to-linked data model. Node.JS packages for both serv
ices are available under MIT license at our node repository 
(https://genboree.org/verdaccio/#/). Requests for bulk or indi
vidual registration of new regulatory element loci should be 
sent to brl-glreg-help@bcm.edu.

2.3 Regulatory elements
The largest number of cis-regulatory elements (cREs) that were 
assigned reGL identifies using the reGL registration service 
(n = 1 063 878) originate from the SCREEN v3 database. They are 
supported by ENCODE annotations of DNase activity, H3K4me3 
modification, H3K27ac modification, and CTCF-binding activity. 
Regions with promoter-like signatures (PLS) and enhancer-like 
signatures (ELS), as defined by SCREEN, were selected for analy
sis within this study. Disease-specific regulatory elements were 
selected based on the phenotype-associated tissues in which 
the cRE was called. Additional regulatory elements, including 
developmental cis-regulatory elements from publications, and 
eCLIP-identified RNA-binding protein targeted sites, were 
assigned reGL identifies using the reGL registration service. Only 
regulatory elements with clear regulatory state (active/inactive) 
or defined regulatory type were included in this study.

2.4 Common Fund Data Ecosystem Gene 
Regulation Linked Data Hub (CFDE LDH)
The CFDE LDH service was implemented using ArangoDB. 
Customized RESTful APIs were designed based on ArangoQL 
queries to retrieve documents from the database in bulk.

2.5 Kids First Data Resource Portal and 
Variant WorkBench
Kids First Data Resource Center (https://kidsfirstdrc.org/) devel
oped the Kids First Data Resource Portal (KFDRP: https://portal. 
kidsfirstdrc.org/), which is a centralized data platform for both 
Kids First and collaborative cohorts. To assist disease-related 
variants identification in the human genome, KFDRP released 
the Spark-based Variant WorkBench (VWB), based on Cavatica 
(https://cavatica.sbgenomics.com/). VWB hosts harmonized ge
nomic variational and curated phenotypic/clinical information 
for released Kids First cohorts.

2.6 Variant calling
2.6.1 Patients
WGS and phenotypic data for congenital heart diseases trios 
(n = 763) were obtained from the Pediatric Cardiac Genetics 
Consortium (PCGC) Congenital Heart Disease Network Study 
(phs001138.v3.p2, phs001194.v3.p2). The DNVs for the 763 trios 
were called using previously described pipeline (Richter et al., 
2020). Supplementary variant data for 517 out of the 763 probands 

were obtained from the Kids First Data Resource Portal (KFDRP, 
phs001194.v4.p3). Variants were called by using the Kids First DRC 
Joint Genotyping Workflow (https://github.com/kids-first/kf-jointge 
notyping-workflow). Data annotation and DNV filtering were per
formed on CAVATICA using the KFVWB. All variants were registered 
through the ClinGen Allele Registry (Pawliczek et al. 2018) service. 
Probands were mapped to the PCGC phenotype data (phs001194. 
v3.p2) and categorized into five CHD subtypes based on clinical 
standards: left ventricular obstruction track defect, conotruncal de
fect, laterality defect; right-sided defects, and atrial septal defect.

2.6.2 Controls
DNVs from unaffected siblings were called based on 1611 
sibling–parent trios from sporadic autism quartets that consist 
of one affected sibling, one unaffected sibling, and unaffected 
parents. Variant calling for control WGS data was performed to
gether with the CHD cohort as previously described (Richter et 
al., 2020).

2.7 CHD genes
We constructed a focus gene set with 22 genes that have previ
ously been identified to harbor pathogenic coding variants in 
hypoplastic left heart syndrome (HLHS), one of the most com
mon LVOT defects. This gene set included NOTCH1, which has 
been found to harbor several low-penetrance variants alongside 
FOXC2, FOXL1, NKX2-5, and HAND1 and their candidate regula
tory regions (Iascone et al. 2012). Additional candidates were 
drawn from families with HLHS, and reported cardiomyopathy. 
MYBPC3, RYR2, and MYH6 were identified with inherited var
iants, and interaction between MYH6 and FLNC was also de
scribed (Theis et al. 2021). MYO15A was included based on 
findings from a separate cohort with HLHS (Theis and Olson 
2022). Rare variants in NEXN, CASQ2, SOS1, TTN, TXNRD2, DSG2, 
FOXRED1, SCN5A, LAMA4, SYNE1, and GJA5 were reported in 
HLHS cases by Helle et al. (2020). Some of these genes may re
late to additive or combinatorial effects of inherited and de 
novo variation, as supported by animal models (Yagi et al. 2018, 
Liu et al. 2019). A more comprehensive list of 1114 CHD genes 
for subtype-specific gene prioritization analysis were obtained 
from https://chddb.fwgenetics.org/ (Zhou et al. 2023).

2.8 Distance model-based burden test
Distribution of the distances from variants to their closest cRE 
centers were compared between patients and healthy controls 
for a given gene set. All DNVs and cREs within the gene body or 
the 10 kbps upstream and 10 kbps downstream region of the genes 
were included in the test. Rank sum tests were used to measure 
the overall difference in distribution, and the Kolmogorov–Smirnov 
(KS) tests were used to measure the pointwise largest difference in 
distribution. For gene-based burden tests, Rank sum tests and KS 
tests were performed for each gene individually. For subtype- 
specific models, only cREs active in subtype-specific tissues and 
cell types were included in the model.
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3 Result
3.1 RFC document to guide FAIR sharing 
of regulatory data, information, and  
knowledge
To develop the RFCs document (Supplementary file 2, available 
as supplementary data at Bioinformatics online), we followed 
the CFDE RFC framework and process. We first assessed the 
scope of gene regulatory Data, Information, and Knowledge 
within the CFDE consortium. This included evaluating the 
current implementation of the FAIR (Findable, Accessible, 
Interoperable, and Reusable) principles. The following 10 data 
coordination centers (DCCs) within CFDE were surveyed: GTEx, 
4D Nucleome, exRNA, GlyGen, HuBMAP, IDG, Kids First, LINCS, 
Metabolomics, and MoTrPAC. All but one DCC reported sharing 
gene-associated data, whereas only four shared variant-associated 
data. HuBMAP, MoTrPAC, and 4D Nucleome shared data associated 
with regulatory regions, though none linked it directly to both 
genes and variants. Assessment of FAIR compliance revealed that 
gene and variant identifiers varied across DCCs, and no standard
ized identifier was used for regulatory elements. Only six of the 10 
DCCs provided Information or Knowledge about genes or variants, 
with limited inclusion of disease-associated Data. These observa
tions indicate incomplete implementation of FAIR principles partic
ularly in relation to Information and Knowledge about regulatory 
elements, which we addressed in the RFC.

We next reviewed relevant standards. We found that the Global 
Alliance for Genomics and Health (GA4GH) FAIR standards, such as 
the Variant Representation Specification (VRS) (Goar et al. 2023), 
refget APIs (Yates et al. 2021), Workflow Execution Service (WES), 
and Data Connect (Thorogood et al. 2021) were widely imple
mented within the field. Other efforts, including the Ensembl API 
(Yates et al. 2020) and SmartAPI (Zaveri et al. 2017), addressed simi
lar goals. Nevertheless, most of these standards do not address the 
specifics of gene regulatory Information and Knowledge. To that 
end, we created an RFC that concentrated on three core entities— 
genes, variants, and regulatory elements—and addressed each FAIR 
principle in relation to Information and Knowledge associated with 
these entities and their relations.

To support Findability, the RFC specifies naming conventions 
and attributes required for each entity. Identifiers must link to 
de-referencing services that return key attributes based on a de
fined genome assembly. For regulatory elements, the RFC rec
ommends the use of ENCODE-SCREEN identifiers (Moore et al. 
2020) as a de facto community standard. We address by devel
oping a regulatory element registry, as described below. For 
Accessibility, the RFC recommends REpresentational State 
Transfer Application Programming Interfaces (RESTful APIs) to 
enable retrieval of Data, Information, and Knowledge via the 
HTTP protocol. Compared to alternatives such as GraphQL or 
WebSocket, RESTful HTTP APIs are more readily implemented, 
and their use in conjunction with JSON provides flexible integra
tion using modern web programming standards. The RFC explic
itly recommends JSON or JSON-LD for API output to support 
both human and machine readability.

For Reusability, the RFC defines two record types: “Evidence” 
(representing Information) and “Assertion” (representing 

Knowledge), where each Assertion must be supported by one or 
more Evidence entries. Both must reference Findable identifiers 
corresponding to relevant entities. To connect the assertions to 
lines of evidence, the RFC recommends the use of the Scientific 
Evidence and Provenance Information Ontology (SEPIO) (Brush 
et al. 2016), which models relationships between scientific 
claims, supporting evidence, and underlying data. The RFC also 
recommends the use of ontology terms to standardize the vo
cabulary used across records, particularly for communicating 
the context (cell and tissue type), which are very important for 
associating noncoding variants with specific subtypes of devel
opmental disorders such as congenital heart disease (Fig. 1A). 
Specifically, the RFC recommends using Uberon (Mungall et al. 
2012) for tissue/organ annotations and the Cell Ontology (CL) 
(Diehl et al. 2016) for cell types. Other ontologies can be incor
porated, but mapping to Uberon and CL are preferred per the 
RFC. Cross-ontology harmonization could be performed using a 
workflow combining lexical matching, OWL 2 DL (the Web 
Ontology Language in its Description Logic profile) reasoning, 
and expert manual curation (Mungall et al. 2012) to reconcile 
terms and preserve provenance.

3.2 Implementing FAIR principles in the 
domain of gene regulation by leveraging 
ClinGen infrastructure
In prior work with the ClinGen project, we addressed FAIR imple
mentation for genomic variant Knowledge by developing the 
ClinGen Allele Registry (CAR) (Pawliczek et al. 2018). CAR is a 
web-based service that generates globally unique, canonical 
variant identifiers (CAids) via RESTful APIs. The identifiers are 
reference agnostic and represent the same variant from across 
GRCh38, GRCh37, and NCBI 36 human reference genomes. The 
system performs de-duplication dynamically, independent of 
database submission workflows, and returns either HTML or 
JSON-LD documents to external tools  (Table 1). CAR supports 
the registration and standardized naming of a range of variant 
types, including single nucleotide polymorphisms (SNPs), small 
insertions and deletions (indels), and structural variants (SVs). 
Built in alignment with GA4GH Variant Representation 
Specifications (VRS), CAR integrates with reference variant data
bases such as ClinVar (Landrum et al. 2025), myVariant.info (Xin 
et al. 2016), and CIViC (Griffith et al. 2017). In addition, the ser
vice maintains a versioned database of gene identifiers, cross- 
referenced with HGNC (Seal et al. 2023), Entrez (NCBI Resource 
Coordinators 2013), and Ensembl gene symbol repositories 
(Yates et al. 2020).

While variant registration has seen increasing alignment with 
FAIR principles, the problem of naming new regulatory elements 
that are not in the SCREEN database persists. To address this 
gap, we developed a system for assigning identifiers to regula
tory elements (reGLids.). This system is implemented as an alias
ing service based on the generic Genomic Location Registry 
(GLR) that assigns identifiers (GLids) to any genomic locus. One- 
to-one aliasing is implemented using the Linked Data Hub Alias 
service (LDH-Alias). GLR, built on a multi-model ArangoDB 
framework, supports efficient indexing and retrieval of posi
tional data associated with genomic intervals (Table 1). 
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Genomic regions can be registered and named by any registered 
entity, when a chromosome, start, and end position are defined. 
The system returns stable, reference-agnostic Genomic Location 
identifiers (GLids) on request and maintains their mapping 
across relevant reference assemblies and supports positional 
queries, thus eliminating the need for “annotation lifting” and 

enabling integration of information and knowledge across sour
ces that utilize different reference assemblies (Table 1).

“reGLids” serve as context-specific aliases, stored in LDH-Alias 
as key-value pairs. Each reGLid maps 1:1 to a GLid and can be 
further connected to additional aliases (such as identifiers in 
SCREEN and other databases) when relevant. The service 

Figure 1 FAIR infrastructure for regulatory variant interpretation and prioritization. (A) The FAIR framework supports interpretation and prioritization 
of candidate noncoding variants. (B) The ClinGen Allele Registry, Genomic Location Registry, and CFDE Linked Data Hub link enables structured 
integration of regulatory data, information, and knowledge through standardized identifiers and APIs. (C) Visualization of the dataset facilitates 
assessment of reGLs based on external databases. Panel A and B created with BioRender.com.

Table 1 Implementation of FAIR principles for gene regulatory information and knowledge.

Layer Findable Accessible Interoperable Reusable

Knowledge Unique and persistent ids 
Indexed 
Linked to contributing 
information 

RESTful HTTP APIs 
Follow OpenAPI 
specifications 
Registered at SmartAPI 

JSON formatted  
documents

Provenance in SEPIO- 
like data structure

Information Unique and persistent ids 
Indexed 
Linked to variants, 
genes, REs 

UBERON, Cell, and Cell 
Line ontology terms 
URL to informa
tion source 
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supports bidirectional mapping between reGLids and associated 
identifiers, enabling consistent resolution and referencing across 
systems, databases, and reference assemblies.

All identifiers generated by CAR, GLR, and LDH-Alias, including 
variant and region-level aliases and genomic coordinates, are ac
cessible through RESTful HTTP APIs (Tables 1 and 2). Functional 
extensions support batch operations, cross-referencing, and de
tection of overlapping regions. To support Interoperability, all API 
responses are returned in JSON format, facilitating integration 
into computational workflows and analysis pipelines (Table 1). 
FAIRness for the aforementioned tools was regularly evaluated 
using FAIRshake as well as other FAIRness assessment tools 
(Clarke et al. 2019, Bonello et al. 2022).

3.3 CFDE linked data hub connects 
regulatory data, information, and 
knowledge across data silos
With standardized identifiers in place for gene-associated fea
tures involved in regulation, we then implemented a framework 
for the exchange of gene regulatory Information and 
Knowledge. While regulatory relationships span a broad range 
of contexts, our initial use case focused on the interpretation of 
regulatory noncoding variants and identification of associated 
disease-relevant elements, with a focus on DNVs by applying a 
distance-based collapsing burden test to identify pathogenic 
variants that are overrepresented in affected individuals relative 
to unaffected controls. While previously applied to coding 
regions, we adapted burden testing to associate noncoding 
DNVs that occur in closer proximity to regulatory elements rele
vant to the subtype of disease observed in individual probands. 
The approach leverages the knowledge about genes previously 
associated with congenital heart disease (CHD) and information 
about the activity of their regulatory elements in the cell and tis
sue types that are relevant for subtypes of CHD.

To aggregate regulatory information on FAIR principles speci
fied in the RFC, we created the CFDE Linked Data Hub (LDH) in
stance. Like the original ClinGen LDH instance (developed for 
aggregating information and knowledge about genetic variants 
for ClinGen purposes), the CFDE LDH is based on ArangoDB, a 

multi-model graph database capable of storing entities and 
their relationships as subjects (genes, regulatory elements, var
iants) and collections of “linked data” about them (Table 1).

To connect regulatory information across sources, we first 
registered relevant genomic features, including regulatory ele
ments from SCREEN, genes from GTEx, and variants from EN- 
TEx, using the CAR and GLR services. These reference-agnostic 
identifiers that map genomic features across references enable 
consistent integration across datasets despite differences in co
ordinate systems. In the CFDE LDH registry, regulatory elements 
are linked to all genes within 10 kilobases of the element. 
Variants located in a regulatory element therefore inherit all 
candidate gene links via that element. We do not collapse these 
to a single “best” gene in the database. Context-dependent reg
ulatory roles for regulatory elements and variants were captured 
by linking each feature to one or more Evidence documents 
that describe supporting observations. These documents in
clude statistical summaries such as effect size, epigenetic signal 
levels, and significance values, along with the corresponding tis
sue or cell type. In GTEx, where expression and splicing QTLs 
(eQTLs and sQTLs) were associated with specific genes, evi
dence was linked to multiple features to reflect regulatory 
interactions.

Queries initiated on any genomic feature return associated evi
dence from multiple sources, generating connected knowledge 
graphs to support hypothesis development. Both user interface 
and RESTful API endpoints support retrieval in machine-readable 
JSON format (Table 1). The system also supports formation of 
higher order Knowledge records, built by linking multiple lines of 
evidence that support the same assertion of regulatory relation
ship. This structure enables ongoing knowledge refinement as new 
studies contribute additional evidence to the database. All docu
ments include source references to support provenance tracking.

The CFDE LDH currently integrates Information and Knowledge 
from over 10 sources, including CAR, the Kids First Data Resource 
Center (KFDRC), SCREEN v3 (Dunham et al. 2012, Luo et al. 2020), 
HGNC (Seal et al. 2023), Roadmap Epigenome (Kundaje et al. 2015, 
Onuchic et al. 2018), EN-TEx (Rozowsky et al. 2023), GTEx (The 
GTEx Consortium 2020), ENCODE (Luo et al. 2020), and other pub
lished datasets (VanOudenhove et al. 2020) (Table 3). The database 

Table 2 UI and API documentations for tools within the infrastructure.

FAIR infrastructure UI and API documentations

Clingen Allele Registry UI https://reg. genome.network.org/
API https://reg. genome.network.org/docs/cg-car/endpoints

CFDE Linked Data Hub UI https://ldh.genome.network/cfde/ldh/ui/
API https://ldh.genome.network/cfde/ldh/srvc (https://ldh.genome.network/cfde/ldh/ui/ 

api-docs)
reGL Registry service API https://ldh.genome.network/ldh/alias/genereg/srvc (https://genboree.org/docs/ldh- 

alias/)

Tools UI and API documentations

Variant Dashboard UI https://genboree.org/gvi/vd-ui/app
API https://genboree.org/docs/gvi/dst

UCSC Track Hub UI https://genboree.org/pub/genereg/ucsc_trackhub/hub.txt (for use in https://genome. 
ucsc.edu/cgi-bin/hgHubConnect)
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supports large-scale integration, with close to one billion genomic 
features and evidence excerpts, submitted via a RESTful API-based 
messaging system. These records span more than 1000 tissue and 
cell types, offering a comprehensive platform for investigating reg
ulatory variation in disease-relevant cellular contexts.

3.4 FAIR regulatory information and 
knowledge facilitate the discovery of 
disease-causing variants and 
regulatory elements
With the integration of FAIR-aligned services including GLR, 
LDH-Alias, and cross-database regulatory information via the 
CFDE LDH, we validated those resources by showing how they 
can support identification of pathogenic regulatory elements 
and noncoding variants in disease-focused studies. In the fol
lowing, we apply the infrastructure in two distinct use cases.

3.4.1 Variant scoring based on aggregated 
information reveals variants and regulatory 
elements associated with CHD
In this use case, we explored how regulatory information re
trieved from CFDE LDH can be used to identify top scoring var
iants that fall within the range of known disease-associated 
genes. Using WGS data from 763 individuals with CHD (Table 2, 
available as supplementary data at Bioinformatics online), pro
vided by PCGC, we identified 58 203 DNVs. Each variant was reg
istered in CAR and mapped to the nearest gene and regulatory 
element based on genomic coordinates. Prior studies suggested 
that the sensitivity to genetic perturbation diminishes with the 
distance from centers of annotated enhancers and transcription 
start sites (Onuchic et al. 2018). We therefore hypothesized that 
proximity to an active cRE, including enhancers and promoters, 
would predict pathogenicity and incorporated this distance 
metric into a burden testing framework. Rather than assessing 
burden on a per-gene basis, we tested the overall enrichment of 
regulatory DNVs in the CHD cohort that fall within short distan
ces of the cREs that are likely relevant for specific subtype of 
CHD based on aggregated evidence.

We focused the analysis on 22 autosomal genes previously im
plicated in CHD (Table 3, available as supplementary data at 
Bioinformatics online), particularly left ventricular outflow tract 
(LVOT) defects (Table 4, available as supplementary data at 

Bioinformatics online), and regulatory elements within 
10 kilobases of the genes, filtering based on the activity of regu
latory elements within etiologically relevant cell types. We con
structed a CHD-specific burden model focusing on cREs active in 
cardiomyocytes, one of the cell types relevant for CHD. 
Promoter-like sequences (PLS) and enhancer-like sequences 
(ELS) were identified based on regulatory signatures in the LDH 
excerpts. Tissue- and cell type-specific evidence supporting reg
ulatory activity was retrieved from the LDH through API queries 
targeting the SCREEN collection. Additional regulatory features, 
such as eQTLs from GTEx overlapping these cREs, were obtained 
using cRE- and variant-specific API endpoints.

The filtering produced a total of 1388 candidate cREs in prox
imity to the 22 CHD genes. Among these, 319 were active in at 
least one left ventricular or cardiac muscle cell sample, based 
on LDH queries. Using DNVs from the PCGC CHD cohort, we 
tested for enrichment of DNVs near active cREs. Compared to 
the control cohort, DNVs in CHD cases showed marginally closer 
proximity to cardiomyocyte-active cRE centers (rank sum test, 
P< .1) (Fig. 2A). We further examined the distance of 1 Kbps 
within which we see the strongest shift and observed an 
enriched set of eight candidate pathogenic DNVs (enrichment 
ratio = 3.7; Fisher’s exact test, P = .02; Table 5, available as sup
plementary data at Bioinformatics online). This enrichment and 
proximity shift were not detected when non–tissue-specific cREs 
were used (rank sum test, P = .76; enrichment ratio = 0.98; 
Fisher’s exact test, P = 1) (Fig. 2B). These results suggest that 
LDH-derived regulatory information enables prioritization of 
likely pathogenic DNVs in disease cohorts, reducing the need for 
genome-wide scans and allowing disease- and tissue-specific 
analysis of the noncoding genome.

3.4.2. Tissue-specific regulatory information associ
ates genes with specific subtypes of CHD
Like several other developmental disorders, CHD is heteroge
neous, with specific lesions being distinguishable prenatally by 
in utero echocardiography (Sun 2021). The conditions may be 
caused by mutations in different sets of genes, which are in turn 
regulated by regulatory elements with varied activity levels in 
specific cell-type and developmental contexts (Ma et al. 2024). 
Because specific smaller gene sets and regulatory contexts cor
relate to a significant, yet to be fully understood, degree with 
specific subtypes of CHD (Morton et al. 2022), the advances in 

Table 3 CFDE Linked Data Hub content and sources.

Category Entity type Source Current entity count

Core entities Gene HGNC 18 701
Regulatory elements SCREEN, eCLIP, Publications 2 M
Variants CAR, Kids First 242 M

Regulatory evidence ENCODE regulatory ele
ment evidence

SCREEN, ENCODE 654.6 M

xQTL evidence GTEx, Publications 8.4 M
Allele specific evidence EN-TEx, Roadmap 10 M
RBP regulatory evidence ENCORE eCLIP 937 K

Bioinformatics, 2026, Vol, 42, Issue 3                                                                                                                                                                                                                                                        7 

https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag013#supplementary-data


CHD phenotyping are important in identifying pathogenic gene 
regulatory variants.

As the activity of the regulatory elements changes during de
velopment and depends on specific cellular and anatomical con
text, we hypothesized that pathogenic variants in specific 
regulatory elements should be associated with specific subtypes 
of CHD. Under that assumption, we asked, in this use case, if the 
information about cell-type specific activity of regulatory ele
ments may help identify the genes implicated in specific sub
types of CHD. To answer this question, we constructed targeted 
burden models for two clinically defined subtypes of CHD, left 
ventricular outflow tract obstruction/defect (LVOT) and cono
truncal defect (CONO). For LVOT, where over half of the individu
als from our cohort were diagnosed with HLHS, we employed a 
cardiomyocyte-focused cRE model. For CONO, which involves a 
broader range of developmental mechanisms, we used a com
posite model incorporating cREs active in multiple tissues, in
cluding arteries and right ventricle.

To identify genes with subtype-specific regulatory associa
tion, we began with a comprehensive CHD gene list from CHD 
Base, a curated resource derived from 1114 disease-related pub
lications (Zhou et al. 2023) (Table 6, available as supplementary 
data at Bioinformatics online). For each gene, along with a ± 
10 kilobase window, we performed a collapsing burden test and 
computed distances between observed DNVs and nearby cREs 
from each subtype model (Tables 4 and 7, available as supple
mentary data at Bioinformatics online). To improve the power of 
the test, we supplemented the DNVs from the PCGC cohort with 

new DNVs within the cohort identified by the Kids First project. 
Stringent filters were applied to remove duplicate calls across 
studies and low confidence DNVs with high occurrence across 
probands. From this analysis, we selected genes for each 
subtype-specific distance model that showed the most signifi
cant difference in DNV-to-cRE distance distributions between 
CHD cases and controls (K–S test, P< .05; Tables 8 and 9, avail
able as supplementary data at Bioinformatics online).

Gene enrichment analysis for disease ontology showed that 
“Tetralogy of Fallot,” a representative malformation within the 
conotruncal subtype, showed highly significant association (adj. 
P = 9.33e−5) with the top scoring genes in the CONO model 
based on DisGeNET data (Table 10, available as supplementary 
data at Bioinformatics online). In comparison, its association 
with the LVOT top genes is significantly lower (adj. P = 2.75e−3; 
Table 11, available as supplementary data at Bioinformatics on
line). Meanwhile, we also observed strong enrichment for 
“Hypoplastic left heart syndrome” (adj. P = .037) association 
with the LVOT top genes based on Pubmed search augmented 
with ARCHS4 RNA-seq data (Table 12, available as supplemen
tary data at Bioinformatics online). The same enrichment was 
not present with the CONO genes (adj. P = .25; Table 13, avail
able as supplementary data at Bioinformatics online) (Fig. 2C). 
These findings indicated that regulatory information can also be 
used to distinguish and prioritize disease subtype-specific gene 
sets. Moreover, the resulting gene sets can, in turn, enhance the 
sensitivity of regulatory noncoding variant discovery when inte
grated into targeted burden models.

Figure 2 Burden tests revealed candidate disease causative DNVs and subtype-specific gene enrichment in CHD. (A) Burden test showed significant 
excess of DNVs in proximity to potentially disease-relevant cREs when comparing DNVs from a CHD cohort and a control cohort, each cohort 
containing over 500 WGS profiles (Wilcoxon rank sum, P = .06). Excess of DNVs within 1 Kbp range was highly significant (Fisher’s exact test, P = .02). 
(B) Burden test showed no excess of DNVs when tissue-specific cREs were not selected. (C) Gene set enrichment analysis shows subtype-specific 
disease associations. Top ranking genes identified by CONO distance model are enriched for “Tetralogy of Fallot” (adj. P = 9.33e−5) using DisGeNET 
annotations, while top ranking genes identified by the LVOT distance model show enrichment for “Hypoplastic left heart syndrome” (adj. P = .037) 
based on PubMed and ARCHS4 data.
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3.5 User interfaces for regulatory variant 
visualization and discovery
The APIs empower the community to build user interfaces that 
cater to specific data analysis needs. In the following, we pre
sent a tool for visualization of gene regulatory information using 
UCSC track hub and a Variant Dashboard for identification of 
pathogenic variants in CHD and other diseases from lists of 
DNVs found in patients.

3.5.1 Visualization of FAIR gene regulatory 
information
To facilitate visualization of gene regulatory elements impacted 
by potentially pathogenic variants, all currently registered regu
latory genomic locations (reGLs) have been consolidated into a 
UCSC Genome Browser track hub (https://genboree.org/pub/ 
genereg/ucsc_trackhub/hub.txt) (Perez et al. 2025). The hub 
enables users to visualize reGLs and assess overlaps with other 
genome annotations. Overlaps between registered “reGLs” can 
be queried via a customized GLR API.

We used this feature to analyze cREs associated with the eight 
prioritized CHD DNVs identified in the distance-based burden 
model. The highest-scoring variant, CA2573129025 (chr9: 
g.136533819C>T), lies in the second intron of NOTCH1 and 
resides within the regulatory element reGL1631679740. This cRE 
overlaps with enhancer elements reGL764497552 and 
reGL748081696, previously annotated in an embryonic heart 
development study, supporting a regulatory role in CHD. It 
also coincides with post-transcriptional regulatory elements 
reGL561726451 and reGL561821389, identified in ENCODE eCLIP 
data as targets of the RNA-binding protein EWSR1 (Dunham 
et al. 2012, Luo et al. 2020). A nearby intronic variant, 
CA12976373 (chr9:g.136534457C>T), was also reported as an 
aortic eQTL in GTEx (The GTEx Consortium 2020), further linking 
this region to NOTCH1 expression regulation (Fig. 1C).

3.5.2 Variant Dashboard supports a simple variant 
interpretation workflow, from variant scoring to 
visualization
To demonstrate the utility of the FAIR information, we devel
oped a light-weight Variant Dashboard that supports a variant 
analysis workflow. The Dashboard allows users to upload and 
register DNVs found in individual subjects and score them 
against available CHD subtype-specific models, overlay informa
tion about the variants from the LDH, and access visualizations 
of regulatory elements that are closest to most significant var
iants using the UCSC Track Hub.

The scoring is performed using multiple subtype-specific 
models, allowing the ranking of the variant-model pairs by sig
nificance. The scoring utility is made available through custom
ized API for improved Accessibility (Table 1). Additional variant 
information from the LDH, such as allele frequency, will also be 
retrieved through API queries to further improve the pathogenic
ity evaluation of significant variants. The Dashboard also pro
vides links to the Track Hub visualization tool to evaluate the 
most proximal regulatory element that may mediate pathogenic 
effect of the variant.

4 Discussion
We anticipate that the RFC document presented here will pro
vide guidance for aggregating gene regulatory information by 
the research community. While the continued advances in geno
mic assays and data collection technologies will require evolu
tion of specific data formats, the three core entities—variants, 
regulatory elements, and genes—will likely persist. Moreover, 
we anticipate that the distinction between data, information, 
and knowledge will continue to be relevant into the future, par
ticularly with the increasing adoption of agentic AI workflows 
(Zhou et al. 2025) in research and clinical diagnosis.

We put the RFC into practice by reusing existing resources and de
veloping new ones as needed. In contrast to genes and variants, for 
which canonical naming services (HGNC and CAR respectively) 
existed, canonical naming services for gene regulatory elements were 
lacking. Addressing this gap, we developed GLR service for lookup 
and registration of canonical reGL identifiers for gene regulatory ele
ments. Unlike the CAR, which served as a model and source of some 
components, GLR does not yet provide a service for completely inde
pendent registration of new reGLs by the users. We anticipate intro
ducing this feature in the near future, as it will become necessary for 
mapping locations of regulatory elements in cell-type specific and de
velopmental stage-specific manner at ever higher resolution and 
throughput using single-cell methods. Currently, registration requests 
for new regulatory elements or other genomic regions can be submit
ted through email (brl-glreg-help@bcm.edu) and will be manually 
reviewed. Regulatory elements with validated provenance will be ac
cepted. Response to the requests will be provided within a week. We 
expect this need to register genomic regions will be amplified by the 
newer technologies that provide increasing levels of resolution for 
mapping chromatin accessibility and footprints of individual tran
scription factors in cell-, tissue-, and development stage- 
specific contexts.

We demonstrated the power of aggregated gene regulatory infor
mation to reveal genetic variants in disease subtypes by creating 
variant scoring models. We focused on the cis-effect variants and 
regulatory regions located within gene bodies or upstream and 
downstream of the gene. This allowed us to examine the transcrip
tion factor binding site-rich promoter and promoter proximal 
regions, as well as regions close to the 50 and 30 UTR, which have 
been shown to harbor regulatory motifs (Moore et al. 2020). 
Nevertheless, the more distal regions may still participate in gene 
transcription regulation through chromatin looping and will warrant 
future investigation using spatial regulatory information.

In addition to CHD, we recognize that other developmental 
disorders such as specific subtypes of epilepsy, autism, atten
tion-deficit/hyperactivity disorder, and neurocognitive disorders 
are thought to also be attributable in part to mutations in many 
genes that are developmentally regulated by thousands of regu
latory elements. As the information about gene regulation accu
mulates, we anticipate that the approaches presented will be 
able to aggregate them at scale, thus enabling discoveries of 
disease-associated regulatory regions in developmental disor
ders that affect all human organs, including the brain.

To address disorders beyond the CHD, the CFDE LDH includes 
regulatory information context beyond heart. Different CFDE LDH 
instances can also be created to tackle the volume and diversity 
of information. By virtue of FAIRness, related information, about 
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the same variant or regulatory element, e.g. can be seamlessly 
aggregated from instance-specific API endpoints. The CAR, GLR, 
and LDH-Alias databases also support the registration and nam
ing of other types of variants, including structural variants that 
are also shown to be etiologically important.

Leveraging access to FAIR regulatory information via APIs, we 
develop a tool for visualization of regulatory information using 
the UCSC Track Hub and a Variant Dashboard for variant inter
pretation. These two tools illustrate the value of FAIR informa
tion as a substrate for the development of user interfaces that 
cater to specific use cases. By outsourcing complex data han
dling via APIs to FAIR sources of information, tools such as spe
cialized Variant Dashboards may in the future be developed 
automatically even by non-programmers as lightweight UI com
ponents using AI programming tools.

We anticipate that FAIRness and programmatic (API) accessi
bility of information and knowledge will become increasingly 
relevant for integration of AI into discovery workflows. Recent 
publications by the Bridge To AI consortium and international 
initiatives recognized data FAIRness as a key element of data AI- 
readiness (Alharbi et al. 2024, Clark et al. 2024). We envision a fu
ture where FAIRness of both the input and output of AI tools cre
ates an ecosystem that can facilitate coordination of hybrid 
workflows with combined participation of humans and agentic 
AI, and we hope that the work presented here will help catalyze 
the emergence and growth of such future discovery ecosystems.
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