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Abstract

Non-coding genetic variants outside of protein-coding genome regions play an important role in genetic and epigenetic regulation.
It has become increasingly important to understand their roles, as non-coding variants often make up the majority of top findings
of genome-wide association studies (GWAS). In addition, the growing popularity of disease-specific whole-genome sequencing (WGS)
efforts expands the library of and offers unique opportunities for investigating both common and rare non-coding variants, which
are typically not detected in more limited GWAS approaches. However, the sheer size and breadth of WGS data introduce additional
challenges to predicting functional impacts in terms of data analysis and interpretation. This review focuses on the recent approaches
developed for efficient, at-scale annotation and prioritization of non-coding variants uncovered in WGS analyses. In particular, we
review the latest scalable annotation tools, databases and functional genomic resources for interpreting the variant findings from WGS
based on both experimental data and in silico predictive annotations. We also review machine learning-based predictive models for
variant scoring and prioritization. We conclude with a discussion of future research directions which will enhance the data and tools
necessary for the effective functional analyses of variants identified by WGS to improve our understanding of disease etiology.
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Graphical Abstract

Introduction
Genetic variants have been shown to associate with various types
of diseases and phenotypic traits across populations (1). Many of
the genetic variant associations reside in the non-coding, gene-
regulatory regions of the genome, such as enhancers and pro-
moters (2,3), and illustrate the importance of their regulatory
mechanisms and functional implications. In recent years, whole-
genome sequencing (WGS) has emerged as a primary means of
capturing and analyzing genetic variants at both the population-
scale (4–7) and personal genome level (8–10). WGS can detect
millions of variants per genome and capture several variant types,

including single-nucleotide variants (SNVs), insertion-deletions
(INDELs), copy number variants and structural variants (SVs).

Interpretation and prediction of the functional effects of WGS-
identified variants, non-coding variants in particular, remain
difficult (11–15). While likely functional candidates among
variants in the protein-coding regions can be identified directly
by changes to the protein sequences or splicing, interpreting
non-coding variants is more difficult as they may affect both
genetic and epigenetic mechanisms that impact the gene
expression and regulation (e.g. enhancer elements, transcription
factor-binding, deoxyribonucleic acid (DNA) methylation and
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chromatin accessibility) often in a tissue-/cell-type-specific
manner (16–18). For rare, low-frequency variants, conventional
single-variant genome-wide association (GWAS) testing has
limited statistical power—a large number of samples is needed
to recruit sufficient carriers. Resolution of GWAS for causal
variant finding is further affected by the linkage disequilibrium,
where the neighboring variants often display similar associations
with the tested GWAS condition. Thus, characterizing effects of
non-coding regulatory variants requires the integration of WGS
or GWAS results with tissue- and cell-type-specific regulatory
activity data and LD information. The goal of this integrated
approach is to identify the causal variants, regulatory elements,
target genes and specific tissue/cell types they affect.

Population-level GWAS analyses can help to identify trait- or
disease-associated variants and loci (19). Follow-up post-GWAS
analyses, such as statistical fine-mapping (12), can more precisely
identify the causal variants from GWAS-identified loci, while
colocalization analyses (20) can identify target genes, and SNV-
enrichment analyses can prioritize trait- or disease-relevant tis-
sues and cell types (11). Many of such variant analyses utilize the
functional annotation data to provide biological context, identify
affected genes and molecular mechanisms and enhance statisti-
cal power.

Variant annotations are useful for identifying the relevant
variants and prioritizing them for further investigation (21–25).
However, the scale and heterogeneity of functional genomics
(FG) datasets and genomic annotations necessitate systematic,
integrative methods for such functional characterization of WGS
genetic variants (11,13,14,26). For example, large-scale projects,
such as Encyclopedia of DNA Elements (ENCODE) (27), Roadmap
Epigenomics (28), Genotype-Tissue Expression (GTEx) (29) and
FANTOM5 (18), have together compiled hundreds of thousands of
experimental datasets across >1000 tissues, cell types and bio-
logical conditions, each with millions to billions of records across
the genome. Additionally, modern population-level WGS studies
such as UK Biobank (6) (500 000 individuals with >2500 pheno-
types), Trans-Omics for Precision Medicine (TOPMed) (4) (∼200 000
individuals; Freeze 9) and specific disease-focused studies, such
as Alzheimer’s Disease Sequencing Project (30) and International
Cancer Genome Consortium-Accelerating Research in Genomic
Oncology (31), all provide extensive WGS data to be probed for
the causal or regulatory roles of variants.

To process such large-scale data, scalable methods and
computational frameworks have been developed to annotate
WGS-identified genetic variants and genomic regions (Fig. 1),
including robust and easy-to-use software annotation tools
(Annotation tools section), annotation databases (Annotated
variant databases section) and experimental data repositories
(Common annotation data resources section). Together, these
databases and toolkits facilitate the systematic interpretation of
hundreds of millions of genotypes across millions of subjects. In
this review, to address the challenges of analyzing non-coding
variants, we discuss the functional annotation and analysis
frameworks for WGS variants in each of these contexts as
well as address machine learning prediction-based approaches
that leverage these resources to provide insights into variant
pathogenicity (Machine learning approaches section). We also
discuss future research directions that are needed to overcome
the existing challenges and improve the scalability and effec-
tiveness of functional analyses of WGS-identified variants which
in turn will serve to improve our understanding of the disease
etiology.

Results
Common annotation data resources
Interpreting the functional relevance for millions of WGS-
identified variants involves interrogating multiple, diverse tissue-
or cell-type-specific functional genomic and annotation datasets.
If this is the case, individual results across such heterogeneous
data sources and data types must be subsequently linked and
summarized. These steps are made difficult by the heterogeneity
and breadth of data types and experimental assays used to
generate these data and the specific tissue and cell-type contexts
of individual datasets (26).

Recent, large-scale efforts are directed toward experimentally
capturing a variety of ‘omics data (including transcriptomics,
epigenetics, interaction data, proteomics and metabolomics)
within single cell- or tissue-specific contexts. Several initiatives
have made significant inroads into systematically assembling
these data, many of which have been established for more than
a decade and have become cornerstones for human genetics
research (18,27–29). The ENCODE consortium (27) has generated
an extensive collection of primary datasets identifying functional
elements (e.g. transcription factor-binding sites, open chromatin
regions) by employing a variety of experimental assays, such as
chromatin immunoprecipitation with massively parallel DNA
sequencing (34), assay for transposase-accessible chromatin
using sequencing (ATAC-seq) (35) and DNase-seq (36), across a
common set of cell and tissue types. The GTEx project (29) focuses
on the cell- and tissue-specific profiling of gene expression and
the identification of expression quantitative trait loci (QTL) to link
genetic variants with their target genes in the same biological
contexts (29). Other examples of these primary annotation
resources are provided in Table 1.

Despite the massive effort involved in assembling these large-
scale FG datasets, they are still limited in that data are sparse or
non-existent for a broad swathe of biological conditions, tissues
and cell-types. Recent works, such as EpiMap (37), attempt to rem-
edy this by training models on the available data and by imputing
missing data from the available incomplete data. Moreover, due to
the sheer size and complexity of these data sources, use of these
resources is not straightforward. Methods that use these data
need to robustly handle different protocols, different tissues and
cell-type contexts at a large scale (see Annotation tools section for
a review of such approaches). Additionally, methods are needed
to integrate this genomic knowledge with the genetic data in
the context of genetic findings and their interpretation (11) (see
Annotation tools section).

These needs have led to the development of aggregate
databases that curate, integrate and summarize functional
data from the primary sources into ready-to-use catalogs of
genomic elements important to function or regulation, including
RefSeq Functional Elements (38), Ensemble Regulatory Build (39),
ENCODE Screen (40), Functional Genomics Repository (FILER) (26)
and the FAVOR Essential Database (http://favor.genohub.org/).
For example, ENCODE Screen (40) provides a catalog of candidate
regulatory elements based on integrating open chromatin, histone
marks, transcription factor-binding and related information.
The FILER database (26) provides a large-scale collection of
harmonized, indexed FG and annotation datasets that can be
searched interactively via the web or programmatically queried
using an application programming interface (API). The Ensembl
regulatory build (39) focuses on annotating transcription factor-
binding sites, open chromatin regions, promoters and enhancers.

http://favor.genohub.org/
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Figure 1. Functional analysis of (non-coding) WGS variants at scale. WGS-identified variants are annotated using a combination of primary and
secondary annotation databases, annotation tools and machine learning approaches (see Table 1 and the corresponding Results—Discussion sections
for the summary and descriptions of these approaches). Post-annotation analyses are conducted to identify likely candidate, causal variant and to
prioritize variants (illustrated in the diagram by filter and rank steps applied to annotated variants). Analysis results can further add to the annotation
resources (illustrated in the figure by feedback loops from machine learning-based analyses). WGS-identified variants: Variants identified from analysis
of user WGS or GWAS data or data retrieved from biobanks, genotyping and sequencing archives and disease-specific sequencing initiatives. Primary
annotation: Archival: experimentally derived data that are archival in nature, such as nucleotide and protein sequences, regulatory elements identified
via WGS that are submitted directly by researchers; Aggregate: aggregate databases of harmonized and standardized primary data that are often
indexed and associated with an API to facilitate scalable programmatic access (see Common annotation data resources section). Secondary annotation:
databases of variant annotations curated from the literature or derived from harmonization and analysis of primary data and annotations, often themed
with annotations selected to serve specific community needs (see Annotated variant databases section). Annotation tools: standalone software or web-
based interfaces designed to efficiently query and map genomic features from primary annotation resources and variant annotations from secondary
resources against user-supplied lists of WGS-identified variants (see Annotation tools section). Machine learning approaches: primarily tools designed
for learning from existing data such as annotations, sequence and other features and creating predictive models for characterizing variant effects and
functions (see Machine learning approaches section).

Overall, current aggregate databases share several limitations
and can be further improved in the future, e.g. by capturing tissue
sample information at single-cell or individual cell-type resolu-
tion and by expanding the coverage for tissues, environmental
conditions and developmental stages.

Annotation tools
WGS-identified variants and loci are often evaluated for their
biological impact by mapping against known regulatory elements,
such as open chromatin, promoter, enhancer or transcription
factor-binding sites, at looking for overlap at the variant’s
genomic position. As highlighted in the Common annotation
data resources section, such assessments involve querying across
a large number of massive and often heterogenous functional
genomic datasets. Here, we review several popular methods and
annotation tools for rapidly searching large data collections to
identify the relevant genomic features. A comprehensive listing
of these tools is available in Table 1.

Genomic feature overlap-based annotation
Several popular tools developed to address these issues and iden-
tify overlap with genes and genomic loci of interest or make

genome-wide interrogations have been adopted to facilitate the
functional annotation of variants using the same primary data
sources. For example, Bedtools (41) is a well-established tool that
provides a full range of functions for annotating and comparing
sets of genomic intervals stored in BED (42), GFF (http://gmod.
org/wiki/GFF3) and other standard file formats. Another popular
toolkit, Tabix (43), enables the fast retrieval of genomic records in
specified genomic loci by indexing position-sorted files.

Whereas Bedtools and Tabix were designed to query genomic
features across a limited number of annotation files, more
recent approaches, such as Giggle (44) and VarNote (45), attempt
to address the scalability problems introduced by WGS and
allow efficient querying across larger collections of genomic
data. The FILER (26) aggregate FG and annotation database
and its API, mentioned in Common annotation data resources
section, leverages Giggle to demonstrate the feasibility of
designing a large-scale FG and annotation repository with
a scalable interface for simultaneously efficiently querying
thousands of genomics datasets with billions of genomic
features. Similarly, VannoPortal (46), VarNote-based variant
portal, provides the ability to dynamically query its collection
of functional genomic and annotation data to annotate variants
genome-wide.

http://gmod.org/wiki/GFF3
http://gmod.org/wiki/GFF3
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Differently from such dynamic overlap methods, the Func-
tional Annotation of Variants—Online Resource (FAVOR) (http://
favor.genohub.org/), provides a downloadable database of pre-
calculated essential annotation scores for a pre-specified set
of variants/genomic positions. These annotation scores can be
queried directly or using the FAVOR annotator, an R package that
facilitates annotation of variants at scale. RegulationSpotter (50),
another web-based tool for variant annotation, also provides a
region-based regulatory score based on 122 different genomic
features and supports single-variant or batch inputs to facili-
tate the analysis of WGS data. In contrast to these web-based
tools, the standalone SparkINFERNO (13) provides a scalable,
high-throughput analysis pipeline that retains the flexible, cus-
tomizable aspects of genomic-overlap tools. Implemented as an
extensible, modular analytical system using the Apache Spark
(68) distributed computing and data processing framework, it
efficiently queries across a broad spectrum of FG datasets. It
provides summary text and graphical reports of relevant regula-
tory elements, tissue contexts and plausible target genes to help
prioritize and infer causal variants for lead GWAS signals.

Overall, commonly used annotation tools (e.g. Bedtools, Tabix
and Giggle) will benefit from further improvements in computa-
tional complexity and indexing/preprocessing strategies to pro-
cess increasingly larger FG data collections used for WGS variant
annotation.

Variant aggregation and rare variant analysis
Single-variant analyses have limited statistical power to detect
the disease risk-association for low-frequency and rare variants
with confidence. To improve the power of association testing for
these types of variants, several methods have been developed
which aggregate them in biologically relevant regions and then
evaluate the association for each of the region. By computing
tissue-specific GWAS variant enrichments (11), variant set-based
testing can also be used to provide tissue or epigenetic context for
the observed associations. However, the output of these aggrega-
tion tools depends heavily on how the biologically relevant regions
are defined.

STAAR (69) uses fixed sliding windows as well as gene-based
windows, prioritized based on annotation principal components,
multidimensional summaries of in silico variant annotations. This
allows STAAR to increase the power for analyzing rare variants
in WGS while minimizing type I error rates for both quantitative
and dichotomous phenotypes. STAAR is computationally scalable
for large WGS, population-scale studies and accounts for the
relatedness and population structure using sparse Genetic Relat-
edness Matrices. On the other hand, eSCAN (70), a recent update
to SCANG (71), uses dynamic sliding windows with pre-defined
regulatory regions specified as input. Taking another approach,
DeepWAS (72) defines variant sets based on their effects on func-
tional units (FUs), which are combinations of cell type, epigenetic
feature (transcription factor-binding sites/DNase hypersensitive
sites/histone marks) and treatment. The user must input, along
with the genotypes, DeepSEA (73) predictions of the effects of
variants on FUs, phenotypes and covariates. FunSPU (74) selects
variants by integrating multiple association tests and functional
annotations to identify genome-wide functionally significant loci.
By scaling contributions to the test statistic for specific variant
and annotation combinations, FunSPU is adaptive at both the
variant and annotation levels. This method increases the sta-
tistical power of rare variants, even when data are limited, and
addresses the noise introduced by non-informative annotations.

Personal genome analysis
While population-level effects of individual genetic variants and
their association with the condition of interest are commonly
assessed by GWAS analyses, methods for capturing the individual-
specific phenotypic effects of genetic variants are only just
becoming of interest. Openness weighted association studies
(OWAS) (65) is a novel approach which was developed to fill
this gap and works by integrating the external LD reference
and in silico-predicted individual-level chromatin accessibility
data to prioritize genes of interest from GWAS analyses of
personal genomes. OpenCausal (64) is another new approach
that combines personal genomes and tissue-specific transcription
factor expression to train an aggregate model to prioritize non-
coding variants and predict causal variants. The model is trained
on ATAC-seq data from ENCODE samples and then is used to
predict variants with the greatest impacts on the chromatin
accessibility of regulatory elements based on sequence and
transcription factor-binding.

Annotated variant databases
Recognizing the complexity and computational overhead involved
in annotating variants at genome-wide scales, many groups have
developed secondary, aggregate databases of derived variant
annotations. Most provide some combination of pre-computed
annotations (including mapped regulatory elements, predicted
causal roles and predicted pathogenicity scores) for genetic
variants and basic genomic information (e.g. variant type, closest
gene and allele frequencies) (46,52). These databases usually
have a web-based front end, allowing researchers, or clinicians
and other non-bioinformaticians to easily look up, browse or
visually inspect the functional information for a variant or group
of variants of interest. Many also provide APIs or standalone
software and database downloads which allow researchers to
query the resources in batch and integrate data queries into
analysis pipelines.

These include resources, such as the web-based front ends for
the FAVOR Essential Database (http://favor.genohub.org/) and the
VannoPortal (46) previously mentioned in the Annotation tools
section, as well as searchable variant reference databases, e.g.
dbSNP (56) and gnomAD (57), and general-interest curated variant
databases, e.g. ClinVar (53,54) and NHGRI-EBI GWAS Catalog (1)).
Also available are more topical resources directed to specific
research communities. These include disease-specific annotation
resources that annotate at scale sets of variants identified from
GWAS or relevant literature sources such as the Type 2 Diabetes
Knowledge Portal (https://t2d.hugeamp.org/) or GenomeNexus
(67) for cancer-related variants. VariCarta (75) and ADVP (55)
provide curated catalogs of variants found in the autism spectrum
disorder and Alzheimer’s disease studies, respectively. Open
Target Genetics (51) focuses on providing statistical evidence (e.g.
QTL, GWAS association and colocalization information) for links
between genetic variants and potential drug targets. LincSNP
3.0 (76) documents disease- or phenotype-associated variants in
human long non-coding ribonucleic acids (RNAs) and circular
RNAs or their regulatory elements and provides online tools
for data retrieval and analysis as well as interactive browsing.
Additional variant databases and associated access (web, API and
downloads) are listed in Table 1.

Machine learning approaches
WGS-based machine learning approaches constitute another set
of important tools available for characterizing the variant effects

http://favor.genohub.org/
http://favor.genohub.org/
http://favor.genohub.org/
https://t2d.hugeamp.org/
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and functions. Several of the tools and databases mentioned in
previous sections depend on some machine learning component,
e.g. OpenCausal (64), DeepWAS (72) and EpiMap (37), to train
models that impute missing data or predict potential regulatory
impacts and prioritize WGS variants. Machine (and by extension
deep) learning approaches to variant annotation or functional
prediction are usually either semi-supervised or unsupervised.
Semi-supervised deep learning models using pseudo-labeling
have been shown to have some advantages when working with
limited datasets. For example, Jia and others (77) introduce
an effective approach that leverages a semi-supervised neural
network, using both labeled and unlabeled data, to efficiently
identify non-coding mutations in human diseases. In contrast,
the recently proposed multi-dimensional annotation-class
integrative estimation (MACIE) (63) uses a novel unsupervised
framework for synthesizing multiple annotations to predict the
likelihood of each variant’s functional impact. Precomputed
scores against all variants in the human genome are available for
download.

Other standalone tools focus on the issue of cell and tis-
sue specificities of variant regulation. These include GenoNet
(78) and PO-EN (62), which both use semi-supervised learning to
leverage functionally validated data and chromatin features to
predict the tissue-specific function of novel variants. Similarly,
TURF (79) uses a random forest model that uses features from
functional genomic annotations to compute the tissue-specific
regulatory impact scores for sets of variants. Scores for all SNVs
from the NHGRI-EBI GWAS Catalog (1) are available for down-
load, and TURF is currently being integrated into RegulomeDB
v2.0 (79,80).

Another method, DriverPower (66), utilizes a combination of
gradient boosting machine and linear models to predict and prior-
itize coding and non-coding variants affecting cancer progression
in tumor tissues. DeepHiC (59) is an example of a method aimed
at predicting a specific (chromatin interaction) functional con-
sequence for variants. This deep learning model combines high-
throughput chromatin conformation capture (Hi-C) data (81) and
interacting DNA sequence information to determine whether a
non-coding variant has a functional impact on chromatin interac-
tion. DeepHiC can also identify the potential target gene affected
by the variant.

Machine learning methods have also been developed to
address the problem of integration, and summarizing annotations
to facilitate the interpretation of annotation results. Most of
these approaches integrate annotations into an aggregated
pathogenicity or functional score (58,60,61). JARVIS (58) uses
sequence data, epigenomic annotations and intolerance to
variation to predict pathogenicity, as defined in the ClinVar (53,54)
database, with single base resolution. In contrast, CADD (60,61)
also predicts pathogenicity but is trained on synthetic data to
avoid possible bias in ClinVar submissions. CADD scores are
available for all possible human SNVs, and GenoNet, PO-EN and
Jarvis additionally allow users to re-train the model with their
own data.

Discussion
The large-scale nature of WGS data, compared with GWAS, allows
for the detection of common and rare variants as well as SVs asso-
ciated with disease at an unprecedented scale. However, interpret-
ing WGS results is challenging due both to the sheer size of the
data and the diversity and unharmonized nature of annotation

and FG data resources. Attempts to address these issues have
resulted in a broad spectrum of databases, annotation tools and
integrative machine learning approaches for the interpretation
and prioritization of WGS variants. Here, we review and summa-
rize the most recent and most widely adopted toolkits, organizing
them by the commonalities in design and purpose.

To date, the majority of methods and resources developed for
annotating non-coding variants have focused on SNVs. However,
SVs (larger SVs, usually >1 kb in length) also greatly impact the
functions of the genes encoded in the genome and are responsible
for diverse human diseases (82–85). SVs are gaining more atten-
tion, thanks to the development of better detection software and
technical advances such as long-read sequencing (86). Therefore,
several new methods (87–90) have been proposed to effectively
annotate and characterize the functional effects and pathogenic-
ity for the identified SVs.

Although there is a significant increase in the number and
variety of FG datasets being generated, widespread use of exper-
imental data-based annotation is often limited by the sparsity of
available data for particular tissues, cell types and other genomic
features of interest. Further developments of predictive biology
approaches that address these gaps in experimental data and
annotations (such as the imputation-based approach taken by
EpiMap) (37) are warranted.

To efficiently use these annotation resources, efforts need
to be taken for newly developed approaches to scale well and
take on resources to annotate variants in an efficient way. Cur-
rently, standardization of variant annotations, and a gold standard
of annotation resources, are lacking, e.g. in terms of standard
pipelines for generating annotations, annotation data formats
and common interfaces for querying and accessing data. Estab-
lishing gold standard annotation resources will be extremely
beneficial, as any new tools developed can then be compared
with the same reference standards. Additionally, benchmarking
experiments need to be performed so that practitioners and users
will know what to expect of the performance or running times
of new tools in their analyses. These tools should be targeted at
leveraging both high-performance computing and cloud environ-
ments for efficient processing and analyses but should stream-
line their use and deployment (e.g. by distributing as Docker or
Singularity containers and/or providing flexible programmatic
access via APIs or easy-to-use web-based interfaces). Importantly,
systematic translation of WGS variant findings to gene/drug tar-
gets, while remaining challenging (91,92), represents an impor-
tant direction for future research as genetic support measurably
impacts the success of drug targets (93).

With these improvements, we foresee that more approaches
will be available to elucidate the impact of different kinds of
non-coding variants (such as singletons and ultra-low frequency
variants) on disease etiology and mechanisms.

Conflict of Interest statement. None declared.

Funding
National Institute on Aging (U24-AG041689, U54-AG052427, U01-
AG032984 and RF1AG074328); Biomarkers Across Neurodegen-
erative Diseases (BAND 3) (award number 18062), co-funded by
Michael J Fox Foundation, Alzheimer’s Association; Alzheimer’s
Research UK; Weston Brain Institute. Funding to pay the Open
Access publication charges for this article was provided by
National Institute on Aging (NIA) at the National Institutes of
Health (NIH) (U24-AG041689 and U54-AG052427).



R70 | Human Molecular Genetics, 2022, Vol. 31, No. R1

References
1. Buniello, A., MacArthur, J.A.L., Cerezo, M., Harris, L.W., Hayhurst,

J., Malangone, C., McMahon, A., Morales, J., Mountjoy, E., Sollis, E.
et al. (2019) The NHGRI-EBI GWAS Catalog of published genome-
wide association studies, targeted arrays and summary statis-
tics 2019. Nucleic Acids Res., 47, D1005–D1012.

2. Maurano, M.T., Humbert, R., Rynes, E., Thurman, R.E., Haugen,
E., Wang, H., Reynolds, A.P., Sandstrom, R., Qu, H., Brody, J. et al.
(2012) Systematic localization of common disease-associated
variation in regulatory DNA. Science, 337, 1190–1195.

3. Hindorff, L.A., Sethupathy, P., Junkins, H.A., Ramos, E.M., Mehta,
J.P., Collins, F.S. and Manolio, T.A. (2009) Potential etiologic and
functional implications of genome-wide association loci for
human diseases and traits. Proc. Natl. Acad. Sci. U. S. A., 106,
9362–9367.

4. Taliun, D., Harris, D.N., Kessler, M.D., Carlson, J., Szpiech, Z.A.,
Torres, R., Taliun, S.A.G., Corvelo, A., Gogarten, S.M., Kang, H.M.
et al. (2021) Sequencing of 53,831 diverse genomes from the
NHLBI TOPMed program. Nature, 590, 290–299.

5. Eitan, C., Siany, A., Barkan, E., Olender, T., van Eijk, K.R., Moisse,
M., Farhan, S.M.K., Danino, Y.M., Yanowski, E., Marmor-Kollet,
H. et al. (2022) Whole-genome sequencing reveals that variants
in the interleukin 18 receptor accessory protein 3’UTR protect
against ALS. Nat. Neurosci., 25, 433–445.

6. Bycroft, C., Freeman, C., Petkova, D., Band, G., Elliott, L.T., Sharp,
K., Motyer, A., Vukcevic, D., Delaneau, O., O’Connell, J. et al. (2018)
The UK Biobank resource with deep phenotyping and genomic
data. Nature, 562, 203–209.

7. Murray, J. (2019) The ‘All of Us’ research program. N. Engl. J. Med.,
381, 1884.

8. Austin-Tse, C.A., Jobanputra, V., Perry, D.L., Bick, D., Taft, R.J.,
Venner, E., Gibbs, R.A., Young, T., Barnett, S., Belmont, J.W. et al.
(2022) Best practices for the interpretation and reporting of
clinical whole genome sequencing. NPJ Genom. Med., 7, 27.

9. Lionel, A.C., Costain, G., Monfared, N., Walker, S., Reuter, M.S.,
Hosseini, S.M., Thiruvahindrapuram, B., Merico, D., Jobling, R.,
Nalpathamkalam, T. et al. (2018) Improved diagnostic yield com-
pared with targeted gene sequencing panels suggests a role for
whole-genome sequencing as a first-tier genetic test. Genet. Med.,
20, 435–443.

10. Bertoli-Avella, A.M., Beetz, C., Ameziane, N., Rocha, M.E., Guat-
ibonza, P., Pereira, C., Calvo, M., Herrera-Ordonez, N., Segura-
Castel, M., Diego-Alvarez, D. et al. (2021) Successful application
of genome sequencing in a diagnostic setting: 1007 index cases
from a clinically heterogeneous cohort. Eur. J. Hum. Genet., 29,
141–153.

11. Cano-Gamez, E. and Trynka, G. (2020) From GWAS to function:
using functional genomics to identify the mechanisms underly-
ing complex diseases. Front. Genet., 11, 424.

12. Schaid, D.J., Chen, W. and Larson, N.B. (2018) From genome-wide
associations to candidate causal variants by statistical fine-
mapping. Nat. Rev. Genet., 19, 491–504.

13. Kuksa, P.P., Lee, C.Y., Amlie-Wolf, A., Gangadharan, P., Mlynarski,
E.E., Chou, Y.F., Lin, H.J., Issen, H., Greenfest-Allen, E., Valladares,
O. et al. (2020) SparkINFERNO: a scalable high-throughput
pipeline for inferring molecular mechanisms of non-coding
genetic variants. Bioinformatics, 36, 3879–3881.

14. Watanabe, K., Taskesen, E., van Bochoven, A. and Posthuma, D.
(2017) Functional mapping and annotation of genetic associa-
tions with FUMA. Nat. Commun., 8, 1826.

15. Amlie-Wolf, A., Tang, M., Mlynarski, E.E., Kuksa, P.P., Valladares,
O., Katanic, Z., Tsuang, D., Brown, C.D., Schellenberg, G.D. and

Wang, L.S. (2018) INFERNO: inferring the molecular mechanisms
of noncoding genetic variants. Nucleic Acids Res., 46, 8740–8753.

16. Shlyueva, D., Stampfel, G. and Stark, A. (2014) Transcriptional
enhancers: from properties to genome-wide predictions. Nat.
Rev. Genet., 15, 272–286.

17. Gao, T. and Qian, J. (2019) EnhancerAtlas 2.0: an updated
resource with enhancer annotation in 586 tissue/cell types
across nine species. Nucleic Acids Res., 48, D58–D64.

18. Andersson, R., Gebhard, C., Miguel-Escalada, I., Hoof, I., Born-
holdt, J., Boyd, M., Chen, Y., Zhao, X., Schmidl, C., Suzuki, T. et al.
(2014) An atlas of active enhancers across human cell types and
tissues. Nature, 507, 455–461.

19. Uffelmann, E., Huang, Q.Q., Munung, N.S., de Vries, J., Okada,
Y., Martin, A.R., Martin, H.C., Lappalainen, T. and Posthuma, D.
(2021) Genome-wide association studies. Nat. Rev. Methods Prim.,
1, 59.

20. Hukku, A., Pividori, M., Luca, F., Pique-Regi, R., Im, H.K. and Wen,
X. (2021) Probabilistic colocalization of genetic variants from
complex and molecular traits: promise and limitations. Am. J.
Hum. Genet., 108, 25–35.

21. Butkiewicz, M., Blue, E.E., Leung, Y.Y., Jian, X., Marcora, E.,
Renton, A.E., Kuzma, A., Wang, L.S., Koboldt, D.C., Haines, J.L.
et al. (2018) Functional annotation of genomic variants in
studies of late-onset Alzheimer’s disease. Bioinformatics, 34,
2724–2731.

22. Cingolani, P., Platts, A., Wang, L.L., Coon, M., Nguyen, T., Wang, L.,
Land, S.J., Lu, X. and Ruden, D.M. (2012) A program for annotating
and predicting the effects of single nucleotide polymorphisms,
SnpEff: SNPs in the genome of Drosophila melanogaster strain
w1118; iso-2; iso-3. Fly, 6, 80–92.

23. McLaren, W., Gil, L., Hunt, S.E., Riat, H.S., Ritchie, G.R., Thormann,
A., Flicek, P. and Cunningham, F. (2016) The Ensembl variant
effect predictor. Genome Biol., 17, 122.

24. Novikova, G., Andrews, S.J., Renton, A.E. and Marcora, E. (2021)
Beyond association: successes and challenges in linking non-
coding genetic variation to functional consequences that mod-
ulate Alzheimer’s disease risk. Mol. Neurodegener., 16, 27.

25. Yang, H. and Wang, K. (2015) Genomic variant annotation and
prioritization with ANNOVAR and wANNOVAR. Nat. Protoc., 10,
1556–1566.

26. Kuksa, P.P., Leung, Y.Y., Gangadharan, P., Katanic, Z., Kleider-
macher, L., Amlie-Wolf, A., Lee, C.Y., Qu, L., Greenfest-Allen, E.,
Valladares, O. et al. (2022) FILER: a framework for harmonizing
and querying large-scale functional genomics knowledge. NAR
Genomics Bioinforma., 4, lqab123.

27. Dunham, I., Kundaje, A., Aldred, S.F., Collins, P.J., Davis, C.A.,
Doyle, F., Epstein, C.B., Frietze, S., Harrow, J., Kaul, R. et al. (2012)
An integrated encyclopedia of DNA elements in the human
genome. Nature, 489, 57–74.

28. Kundaje, A., Meuleman, W., Ernst, J., Bilenky, M., Yen, A., Heravi-
Moussavi, A., Kheradpour, P., Zhang, Z., Wang, J., Ziller, M.J. et al.
(2015) Integrative analysis of 111 reference human epigenomes.
Nature, 518, 317–330.

29. Battle, A., Brown, C.D., Engelhardt, B.E., Montgomery, S.B., Aguet,
F., Ardlie, K.G., Cummings, B.B., Gelfand, E.T., Getz, G., Hadley, K.
et al. (2017) Genetic effects on gene expression across human
tissues. Nature, 550, 204–213.

30. Beecham, G.W., Bis, J.C., Martin, E.R., Choi, S.H., DeStefano, A.L.,
van Duijn, C.M., Fornage, M., Gabriel, S.B., Koboldt, D.C., Larson,
D.E. et al. (2017) The Alzheimer’s Disease Sequencing Project:
study design and sample selection. Neurol. Genet., 3, e194.

31. Milella, M., Luchini, C., Lawlor, R.T., Johns, A.L., Casolino, R.,
Yoshino, T., Biankin, A.V., Biankin, A.V., Stein, L.D., Park, K. et al.



Human Molecular Genetics, 2022, Vol. 31, No. R1 | R71

(2022) ICGC-ARGO precision medicine: familial matters in pan-
creatic cancer. Lancet Oncol., 23, 25–26.

32. Bellenguez, C., Küçükali, F., Jansen, I.E., Kleineidam, L., Moreno-
Grau, S., Amin, N., Naj, A.C., Campos-Martin, R., Grenier-Boley,
B., Andrade, V. et al. (2022) New insights into the genetic etiology
of Alzheimer’s disease and related dementias. Nat. Genet., 54,
412–436.

33. Prokopenko, D., Morgan, S.L., Mullin, K., Hofmann, O., Chapman,
B., Kirchner, R., Amberkar, S., Wohlers, I., Lange, C., Hide, W.
et al. (2021) Whole-genome sequencing reveals new Alzheimer’s
disease-associated rare variants in loci related to synaptic
function and neuronal development. Alzheimers Dement., 17,
1509–1527.

34. Johnson, D.S., Mortazavi, A., Myers, R.M. and Wold, B. (2007)
Genome-wide mapping of in vivo protein-DNA interactions. Sci-
ence, 316, 1497–1502.

35. Buenrostro, J.D., Wu, B., Chang, H.Y. and Greenleaf, W.J. (2015)
ATAC-seq: a method for assaying chromatin accessibility
genome-wide. Curr. Protoc. Mol. Biol., 109, 1–21.

36. Song, L. and Crawford, G.E. (2010) DNase-seq: a high-resolution
technique for mapping active gene regulatory elements across
the genome from mammalian cells. Cold Spring Harb Protoc, 2010,
pdb.prot5384.

37. Boix, C.A., James, B.T., Park, Y.P., Meuleman, W. and Kellis, M.
(2021) Regulatory genomic circuitry of human disease loci by
integrative epigenomics. Nature, 590, 300–307.

38. Farrell, C.M., Goldfarb, T., Rangwala, S.H., Astashyn, A., Ermo-
laeva, O.D., Hem, V., Katz, K.S., Kodali, V.K., Ludwig, F.,
Wallin, C.L. et al. (2022) RefSeq functional elements as exper-
imentally assayed nongenic reference standards and func-
tional interactions in human and mouse. Genome Res., 32,
175–188.

39. Zerbino, D.R., Wilder, S.P., Johnson, N., Juettemann, T. and Flicek,
P.R. (2015) The ensembl regulatory build. Genome Biol., 16, 56.

40. Moore, J.E., Purcaro, M.J., Pratt, H.E., Epstein, C.B., Shoresh, N.,
Adrian, J., Kawli, T., Davis, C.A., Dobin, A., Kaul, R. et al. (2020)
Expanded encyclopaedias of DNA elements in the human and
mouse genomes. Nature, 583, 699–710.

41. Quinlan, A.R. and Hall, I.M. (2010) BEDTools: a flexible suite
of utilities for comparing genomic features. Bioinformatics, 26,
841–842.

42. Kent, W.J., Zweig, A.S., Barber, G., Hinrichs, A.S. and Karolchik, D.
(2010) BigWig and BigBed: enabling browsing of large distributed
datasets. Bioinformatics, 26, 2204–2207.

43. Li, H. (2011) Tabix: fast retrieval of sequence features from
generic TAB-delimited files. Bioinformatics, 27, 718–719.

44. Layer, R.M., Pedersen, B.S., DiSera, T., Marth, G.T., Gertz, J. and
Quinlan, A.R. (2018) GIGGLE: a search engine for large-scale
integrated genome analysis. Nat. Methods, 15, 123–126.

45. Huang, D., Yi, X., Zhou, Y., Yao, H., Xu, H., Wang, J., Zhang, S., Nong,
W., Wang, P., Shi, L. et al. (2020) Ultrafast and scalable variant
annotation and prioritization with big functional genomics data.
Genome Res., 30, 1789–1801.

46. Huang, D., Zhou, Y., Yi, X., Fan, X., Wang, J., Yao, H., Sham, P.C.,
Hao, J., Chen, K. and Li, M.J. (2022) VannoPortal: multiscale func-
tional annotation of human genetic variants for interrogating
molecular mechanism of traits and diseases. Nucleic Acids Res.,
50, D1408–D1416.

47. Amlie-Wolf, A., Kuksa, P.P., Lee, C.-Y., Mlynarski, E., Leung, Y.Y.
and Wang, L.-S. (2021) Using INFERNO to infer the molecular
mechanisms underlying noncoding genetic associations. Meth-
ods Mol. Biol., 2254, 73–91.

48. Liu, X., White, S., Peng, B., Johnson, A.D., Brody, J.A., Li, A.H.,
Huang, Z., Carroll, A., Wei, P., Gibbs, R. et al. (2016) WGSA: an
annotation pipeline for human genome sequencing studies. J.
Med. Genet., 53, 111–112.

49. Pedersen, B.S., Layer, R.M. and Quinlan, A.R. (2016) Vcfanno: fast,
flexible annotation of genetic variants. Genome Biol., 17, 118.

50. Schwarz, J.M., Hombach, D., Köhler, S., Cooper, D.N., Schuelke,
M. and Seelow, D. (2019) RegulationSpotter: annotation and
interpretation of extratranscriptic DNA variants. Nucleic Acids
Res., 47, W106–W113.

51. Ghoussaini, M., Mountjoy, E., Carmona, M., Peat, G., Schmidt,
E.M., Hercules, A., Fumis, L., Miranda, A., Carvalho-Silva, D.,
Buniello, A. et al. (2021) Open targets genetics: systematic identi-
fication of trait-associated genes using large-scale genetics and
functional genomics. Nucleic Acids Res., 49, D1311–D1320.

52. Pan, Q., Liu, Y.J., Bai, X.F., Han, X.L., Jiang, Y., Ai, B., Shi, S.S., Wang,
F., Xu, M.C., Wang, Y.Z. et al. (2021) VARAdb: a comprehensive
variation annotation database for human. Nucleic Acids Res., 49,
D1431–D1444.

53. Landrum, M.J., Lee, J.M., Riley, G.R., Jang, W., Rubinstein, W.S.,
Church, D.M. and Maglott, D.R. (2014) ClinVar: public archive of
relationships among sequence variation and human phenotype.
Nucleic Acids Res., 42, D980–D985.

54. Landrum, M.J., Chitipiralla, S., Brown, G.R., Chen, C., Gu, B., Hart,
J., Hoffman, D., Jang, W., Kaur, K., Liu, C. et al. (2020) ClinVar:
improvements to accessing data. Nucleic Acids Res., 48, D835–
D844.

55. Kuksa, P.P., Liu, C.L., Fu, W., Qu, L., Zhao, Y., Katanic, Z., Clark, K.,
Kuzma, A.B., Ho, P.C., Tzeng, K.T. et al. (2022) Alzheimer’s disease
variant portal: a Catalog of genetic findings for Alzheimer’s
disease. J. Alzheimers Dis., 86, 461–477.

56. Sherry, S.T., Ward, M.H., Kholodov, M., Baker, J., Phan, L., Smigiel-
ski, E.M. and Sirotkin, K. (2001) dbSNP: the NCBI database of
genetic variation. Nucleic Acids Res., 29, 308–311.

57. Karczewski, K.J., Francioli, L.C., Tiao, G., Cummings, B.B., Alföldi,
J., Wang, Q., Collins, R.L., Laricchia, K.M., Ganna, A., Birnbaum,
D.P. et al. (2020) The mutational constraint spectrum quantified
from variation in 141,456 humans. Nature, 581, 434–443.

58. Vitsios, D., Dhindsa, R.S., Middleton, L., Gussow, A.B. and Petro-
vski, S. (2021) Prioritizing non-coding regions based on human
genomic constraint and sequence context with deep learning.
Nat. Commun., 12, 1504.

59. Meng, X.H., Xiao, H.M. and Deng, H.W. (2021) Combining artificial
intelligence: deep learning with hi-C data to predict the func-
tional effects of non-coding variants. Bioinformatics, 37, 1339–
1344.

60. Rentzsch, P., Schubach, M., Shendure, J. and Kircher, M. (2021)
CADD-splice-improving genome-wide variant effect prediction
using deep learning-derived splice scores. Genome Med., 13, 31.

61. Rentzsch, P., Witten, D., Cooper, G.M., Shendure, J. and Kircher,
M. (2019) CADD: predicting the deleteriousness of variants
throughout the human genome. Nucleic Acids Res., 47, D886–
D894.

62. Yang, Z., Wang, C., Erjavec, S., Petukhova, L., Christiano, A. and
Ionita-Laza, I. (2021) A semi-supervised model to predict regu-
latory effects of genetic variants at single nucleotide resolution
using massively parallel reporter assays. Bioinformatics, 37, 1953–
1962.

63. Li, X., Yung, G., Zhou, H., Sun, R., Li, Z., Hou, K., Zhang, M.J.,
Liu, Y., Arapoglou, T., Wang, C. et al. (2022) A multi-dimensional
integrative scoring framework for predicting functional variants
in the human genome. Am. J. Hum. Genet., 109, 446–456.



R72 | Human Molecular Genetics, 2022, Vol. 31, No. R1

64. Li, W., Duren, Z., Jiang, R. and Wong, W.H. (2020) A method for
scoring the cell type-specific impacts of noncoding variants in
personal genomes. Proc. Natl. Acad. Sci. U. S. A., 117, 21364–21372.

65. Song, S., Shan, N., Wang, G., Yan, X., Liu, J.S. and Hou, L. (2021)
Openness weighted association studies: leveraging personal
genome information to prioritize noncoding variants. Bioinfor-
matics, 37, 4737–4743.

66. Shuai, S., Group, P.D.A.F.I.W., Gallinger, S., Stein, L. and Consor-
tium, P. (2020) Combined burden and functional impact tests for
cancer driver discovery using DriverPower. Nat. Commun., 11, 734.

67. de Bruijn, I., Li, X., Sumer, S.O., Gross, B., Sheridan, R., Ochoa,
A., Wilson, M., Wang, A., Zhang, H., Lisman, A. et al. (2022)
Genome nexus: a comprehensive resource for the annotation
and interpretation of genomic variants in cancer. JCO Clin. Cancer
Informatics, 6, e2100144.

68. Zaharia, M., Xin, R.S., Wendell, P., Das, T., Armbrust, M., Dave, A.,
Meng, X., Rosen, J., Venkataraman, S., Franklin, M.J. et al. (2016)
Apache spark. Commun. ACM, 59, 56–65.

69. Li, X., Li, Z., Zhou, H., Gaynor, S.M., Liu, Y., Chen, H., Sun, R., Dey,
R., Arnett, D.K., Aslibekyan, S. et al. (2020) Dynamic incorpora-
tion of multiple in silico functional annotations empowers rare
variant association analysis of large whole-genome sequencing
studies at scale. Nat. Genet., 52, 969–983.

70. Yang, Y., Sun, Q., Huang, L., Broome, J.G., Correa, A., Reiner, A.,
Raffield, L.M., Yang, Y. and Li, Y. (2022) eSCAN: scan regulatory
regions for aggregate association testing using whole-genome
sequencing data. Brief. Bioinform., 23, bbab497.

71. Li, Z., Li, X., Liu, Y., Shen, J., Chen, H., Zhou, H., Morrison,
A.C., Boerwinkle, E. and Lin, X. (2019) Dynamic scan procedure
for detecting rare-variant association regions in whole-genome
sequencing studies. Am. J. Hum. Genet., 104, 802–814.

72. Arloth, J., Eraslan, G., Andlauer, T.F.M., Martins, J., Iurato, S.,
Kühnel, B., Waldenberger, M., Frank, J., Gold, R., Hemmer, B. et
al. (2020) DeepWAS: multivariate genotype-phenotype associa-
tions by directly integrating regulatory information using deep
learning. PLoS Comput. Biol., 16, e1007616.

73. Zhou, J. and Troyanskaya, O.G. (2015) Predicting effects of non-
coding variants with deep learning-based sequence model. Nat.
Methods, 12, 931–934.

74. Ma, Y. and Wei, P. (2019) FunSPU: a versatile and adaptive
multiple functional annotation-based association test of whole-
genome sequencing data. PLoS Genet., 15, e1008081.

75. Belmadani, M., Jacobson, M., Holmes, N., Phan, M., Nguyen,
T., Pavlidis, P. and Rogic, S. (2019) VariCarta: a compre-
hensive database of harmonized genomic variants found in
autism Spectrum disorder sequencing studies. Autism Res., 12,
1728–1736.

76. Gao, Y., Li, X., Shang, S., Guo, S., Wang, P., Sun, D., Gan, J., Sun, J.,
Zhang, Y., Wang, J. et al. (2021) LincSNP 3.0: an updated database
for linking functional variants to human long non-coding RNAs,
circular RNAs and their regulatory elements. Nucleic Acids Res.,
49, D1244–D1250.

77. Jia, H., Park, S.J. and Nakai, K. (2021) A semi-supervised deep
learning approach for predicting the functional effects of
genomic non-coding variations. BMC Bioinformatics, 22, 128.

78. He, Z., Liu, L., Wang, K. and Ionita-Laza, I. (2018) A semi-
supervised approach for predicting cell-type specific functional

consequences of non-coding variation using MPRAs. Nat. Com-
mun., 9, 5199.

79. Dong, S. and Boyle, A.P. (2022) Prioritization of regulatory vari-
ants with tissue-specific function in the non-coding regions of
human genome. Nucleic Acids Res., 50, e6.

80. Boyle, A.P., Hong, E.L., Hariharan, M., Cheng, Y., Schaub, M.A.,
Kasowski, M., Karczewski, K.J., Park, J., Hitz, B.C., Weng, S. et al.
(2012) Annotation of functional variation in personal genomes
using RegulomeDB. Genome Res., 22, 1790–1797.

81. Lieberman-Aiden, E., van Berkum, N.L., Williams, L., Imakaev, M.,
Ragoczy, T., Telling, A., Amit, I., Lajoie, B.R., Sabo, P.J., Dorschner,
M.O. et al. (2009) Comprehensive mapping of long-range interac-
tions reveals folding principles of the human genome. Science,
326, 289–293.

82. Hadi, K., Yao, X., Behr, J.M., Deshpande, A., Xanthopoulakis, C.,
Tian, H., Kudman, S., Rosiene, J., Darmofal, M., DeRose, J. et al.
(2020) Distinct classes of complex structural variation uncov-
ered across thousands of cancer genome graphs. Cell, 183, 197–
210.

83. Ho, S.S., Urban, A.E. and Mills, R.E. (2020) Structural variation in
the sequencing era. Nat. Rev. Genet., 21, 171–189.

84. Mahmoud, M., Gobet, N., Cruz-Dávalos, D.I., Mounier, N., Dessi-
moz, C. and Sedlazeck, F.J. (2019) Structural variant calling: the
long and the short of it. Genome Biol., 20, 246.

85. Sherman, M.A., Rodin, R.E., Genovese, G., Dias, C., Barton, A.R.,
Mukamel, R.E., Berger, B., Park, P.J., Walsh, C.A. and Loh, P.R. (2021)
Large mosaic copy number variations confer autism risk. Nat.
Neurosci., 24, 197–203.

86. Logsdon, G.A., Vollger, M.R. and Eichler, E.E. (2020) Long-read
human genome sequencing and its applications. Nat. Rev. Genet.,
21, 597–614.

87. Kleinert, P. and Kircher, M. (2022) A framework to score the
effects of structural variants in health and disease. Genome Res.,
32, 766–777.

88. Kumar, S., Harmanci, A., Vytheeswaran, J. and Gerstein, M.B.
(2020) SVFX: a machine learning framework to quantify the
pathogenicity of structural variants. Genome Biol., 21, 274.

89. Sharo, A.G., Hu, Z., Sunyaev, S.R. and Brenner, S.E. (2022)
StrVCTVRE: a supervised learning method to predict the
pathogenicity of human genome structural variants. Am. J. Hum.
Genet., 109, 195–209.

90. Zhang, L., Shi, J., Ouyang, J., Zhang, R., Tao, Y., Yuan, D., Lv,
C., Wang, R., Ning, B., Roberts, R. et al. (2021) X-CNV: genome-
wide prediction of the pathogenicity of copy number variations.
Genome Med., 13, 132.

91. Fang, H., Beckmann, G., Bountra, C., Bowness, P., Burgess-Brown,
N., Carpenter, L., Chen, L., Damerell, D., Egner, U., Fujii, R.
et al. (2019) A genetics-led approach defines the drug tar-
get landscape of 30 immune-related traits. Nat. Genet., 51,
1082–1091.

92. Fang, H. and Knight, J.C. (2021) Priority index: database of
genetic targets in immune-mediated disease. Nucleic Acids Res.,
50, D1358–D1367.

93. Nelson, M.R., Tipney, H., Painter, J.L., Shen, J., Nicoletti, P., Shen, Y.,
Floratos, A., Sham, P.C., Li, M.J., Wang, J. et al. (2015) The support
of human genetic evidence for approved drug indications. Nat.
Genet., 47, 856–860.


	 Scalable approaches for functional analyses of whole-genome sequencing non-coding variants
	 Introduction
	 Results  
	 Discussion
	 Funding


