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Abstract

Our genomes influence nearly every aspect of human biology—from molecular and cellular 

functions to phenotypes in health and disease. Studying the differences in DNA sequence 

between individuals (“genomic variation”) could reveal novel mechanisms of human biology, 

uncover the basis of genetic predispositions to diseases, and guide the development of new 

diagnostics and therapeutics1–3. Yet, understanding how genomic variation alters genome function 

to influence phenotype has proven challenging. To unlock these insights, we need a systematic 

and comprehensive catalog of genome function and the molecular and cellular effects of genomic 

variants. Toward this goal, the Impact of Genomic Variation on Function (IGVF) Consortium will 

combine approaches in single-cell mapping, genomic perturbations, and predictive modeling to 

investigate the relationships among genomic variation, genome function, and phenotypes. IGVF 

will create maps across hundreds of cell types and states describing how coding variants alter 

protein activity, how noncoding variants change the regulation of gene expression, and how such 

effects connect through gene regulatory and protein interaction networks. These experimental data, 

computational predictions, and accompanying standards and pipelines will be integrated into an 

open resource that will catalyze community efforts to explore how our genomes influence biology 

and disease across populations.

Introduction

Since the initial sequencing of the human genome, genetic studies have been immensely 

productive1–3. Exome and genome sequencing studies have identified hundreds of millions 

of genomic variants, including single-nucleotide variants (SNVs), small insertions and 

deletions (indels), and larger structural variants (Fig. 1)4,5. Comparisons within families, 

case-control cohorts, and population-scale biobanks have discovered hundreds of thousands 

of associations between such variants and phenotypes in both health and disease6–12.
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The next challenge is to understand how genomic variation affects molecular and cellular 

processes to influence organismal phenotype (Fig. 1). At a molecular level, genomic 

variation can impact the temporal-spatial and quantitative expression of genes or the activity 

and localization of proteins. Altered gene expression or protein activity can, in turn, impact 

other genes and proteins, for example via gene regulatory and protein-protein interaction 

networks. Changes in such molecular networks impact the properties of cells and tissues, 

and in doing so can influence organismal phenotypes. Here we use the term “genome 

function” to refer to these processes encoded by the genome, and note that this does not 

necessarily imply “function” in terms of evolutionary selection.13,14

Previous and ongoing efforts have produced breakthroughs in mapping various aspects 

of genome function, including locating and annotating millions of noncoding regulatory 

elements in the human genome15,16; mapping associations between genomic variants and 

effects on gene or protein expression across dozens of human tissues17–19; profiling 

hundreds of cell types and states through single-cell measurements of gene expression20,21; 

applying saturation mutagenesis to analyze coding variants in selected disease genes22–24; 

and characterizing how genes and proteins interact genetically or physically in molecular 

networks25–27. These efforts, as well as disease-specific consortia and other studies, have 

also demonstrated how mapping the impact of genomic variation on genome function can 

reveal molecular mechanisms in human biology and disease, guide genetic diagnosis and 

clinical management, and facilitate the development of novel therapeutics (Fig. 1, Box 1, 

reviewed in1,28,29).

Yet, connecting genomic variants to functions and phenotypes continues to prove 

challenging and slow. The molecular mechanisms underlying most genetic associations for 

common diseases remain to be established2,29, genetic diagnosis for rare diseases continues 

to be hindered by the preponderance of variants of uncertain significance (VUS)7,30, and 

the impact of genomic variation across diverse groups and populations remains poorly 

studied31,32. New approaches are needed to accelerate research throughout the community 

and thereby unlock the vast unrealized potential for understanding human biology and 

improving human health33,34.

Advances in experimental and computational genomics now promise to overcome some of 

the key challenges:

i. Regulatory elements and genes can have cell-type or context-dependent 

activities, which have been challenging to analyze comprehensively. Emerging 

single-cell technologies now enable the generation of comprehensive maps of 

chromatin state and gene expression in nearly any cell type in the body20,21, and 

computational analysis of these datasets can help to locate candidate regulatory 

elements, identify transcription factor (TF) binding regions and footprints, and 

delineate gene regulatory networks35–38.

ii. Previously it has been difficult to uncover the causal relationships between 

genomic variation and genome function, including due to challenges of linkage 

disequilibrium between common variants. New approaches in statistical fine-

mapping now enable improved interpretation of genome-wide association studies 
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(GWAS) and quantitative trait loci (QTL) studies39–42, and high throughput 

technologies for designed genomic perturbations, such as with CRISPR 

screens43–50 and massively parallel reporter assays (MPRAs)51–57, provide a 

powerful means to systematically characterize the effects of variants, elements, 

and genes.

iii. The scale of the problem is immense. With billions of possible single-nucleotide 

genomic variants, 20,000 genes, and thousands of cell types, we cannot expect 

to experimentally map the effects of all possible variants on all aspects of 

genome function in all possible contexts. To address this, recent studies have 

highlighted the possibility of training computational models that can generalize 

to make predictions about genome function for untested variants, cell types, 

and/or contexts58–64.

iv. While previous efforts have largely focused on particular types of genome 

variation or individual diseases, integrative analysis of coding and noncoding 

variation into molecular networks, and comparisons across diverse cellular 

contexts and diseases, could greatly accelerate progress28,65–67.

v. Finally, recent successes by CASP68, ENCODE15, and others17,21,69 have 

highlighted how uniting a diverse community of investigators under a common 

framework can catalyze advances throughout the global scientific community 

by developing uniform standards and analysis pipelines, creating uniformly 

processed, AI-readable datasets amenable to predictive modeling, and enabling 

the comparison and synthesis of alternative strategies.

With these challenges and opportunities in mind, the National Human Genome Research 

Institute (NHGRI) launched the IGVF Consortium in 2021, with the goal of developing a 

systematic understanding of the effects of genomic variation on genome function and how 

these effects shape phenotypes. The Consortium consists of >120 laboratories collaborating 

on five key activities to address the above challenges: (i) Mapping Centers, to analyze 

regulatory element and gene activity at single-cell resolution across hundreds of cell types; 

(ii) Functional Characterization Centers, to systematically characterize the molecular and 

cellular effects of introducing variants or perturbing elements and genes; (iii) Predictive 

Modeling Projects, to develop and apply computational approaches to comprehensively 

model the impact of genomic variation on genome function and guide experimental design; 

(iv) Regulatory Network Projects, to advance network-level understanding of the influence 

of genetic variation and genome function on cellular and organismal phenotypes; and (v) 

a Data and Administrative Coordinating Center, to lead development of resources and 

infrastructure to share IGVF data, standards, and pipelines with the scientific community. 

IGVF membership and activities are expanding further via Affiliate Membership, a process 

by which any researcher or research project can apply to join IGVF to drive its vision 

and execution. Through these activities, the IGVF Consortium aims to generate a catalog 

that can be broadly deployed for exploring genome function and the impact of genetic 

variation on human biology and diseases in diverse populations. Below we describe the 

goals, strategies, and anticipated deliverables of IGVF (Box 2).
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Map-perturb-predict framework

To create a comprehensive catalog of the effects of genomic variation, IGVF has developed 

a strategy that integrates three complementary components (Fig. 2). One component will be 

to quantify the activity of regulatory elements and the expression of genes via single-cell 

mapping. Another will conduct systematic perturbations of variants, regulatory elements, 

and genes. A third will seek to generalize results to new, unstudied genomic variants 

and cellular contexts via predictive modeling. Integration of these three components in a 

map-perturb-predict framework will create substantial synergy across the consortium.

Single-cell mapping

Identifying noncoding regulatory elements and genes and mapping their activities across 

cell types and states is foundational for understanding where, when and how genomic 

variation might impact genome function. Yet, many previous efforts have lacked this level 

of resolution. We will collect single-cell data across hundreds of cell types and states 

(see below for biological systems and contexts). We will apply primarily single-nucleus 

(sn)ATAC-seq and snRNA-seq, including in multiomic formats, to enable integration of 

IGVF data with other emerging datasets (Fig. 2). Individual projects will explore additional 

single-cell approaches including TF binding, histone modifications, chromatin interactions, 

protein levels and activity, and clonal tracing. Key assays (including 10x Multiome, 

SHARE-seq70, and Parse Evercode71) will be directly compared and calibrated on the 

same samples, and the performance of computational analyses and predictive models will 

be assessed as a function of sequencing depth. These data will provide a foundation for 

interpreting the effects of functional characterization experiments and building cell-type-

specific maps of variant effects.

Genomic perturbations

Perturbation experiments will be crucial for understanding the causal relationships 

among variants, regulatory elements, genes, and phenotypes, but until recently have 

been challenging to apply at sufficient scale. New enabling technologies include high-

throughput screens using CRISPR genetic or epigenetic perturbations or over-expression 

strategies22,23,43–50; reporter assays for enhancer or promoter activities51–57; and fine-

mapping of different types of quantitative trait loci (QTLs)17,42,72 including single-cell 

eQTLs73–75. IGVF plans to conduct >2 million experimental perturbations, including to 

directly study the effects of naturally occurring or designed DNA variants, and to perturb 

regulatory elements and genes to build maps of genome function (Fig. 2). We will 

characterize the effects of these perturbations using diverse assays including measurements 

of chromatin accessibility76, gene expression77–79, protein expression and activity25,80–83, 

and molecular and cellular phenotypes84. These data will enable directly characterizing 

variants of interest, such as those associated with disease, and provide data to train or 

evaluate predictive models of variant effects.

Predictive modeling

Genome function is complex, and we cannot expect to experimentally map the effects of 

all possible variants on all possible activities in all possible cellular contexts. Predictive 
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models will be needed to make predictions that generalize across contexts — for example, 

to link genetic variants to effects on TF binding and chromatin accessibility57,61–64; connect 

regulatory elements to their target genes64,85,86; or identify causal genes and cell types 

enriched for heritability for complex diseases or traits87–92. We will leverage advances in 

machine learning and large-scale perturbation datasets to tackle key prediction problems — 

including mapping aspects of genome function, interpreting the impact of genomic variation, 

and guiding the design of future experimental assays such that the data produced will be 

maximally informative for subsequent predictive modeling. To systematically evaluate and 

calibrate such models, we will build benchmarking pipelines that compare predictions to 

perturbation data, including both from IGVF functional characterization experiments and 

external sources such as QTL, GWAS, and genome sequencing studies87,88,93,94. In areas 

where data collection is already advanced, we will engage the external community by 

designing prediction challenges with held-out assessment datasets produced by IGVF.

Application areas

Together, these three activities will form an iterative map-perturb-predict framework that 

IGVF will apply to explore a wide array of cell types, cellular phenotypes, and diseases 

(Fig. 2). Projects will apply distinct but overlapping sets of experimental assays and 

computational models, enabling a broad exploration of possible strategies and integration 

of insights across biological systems.

IGVF projects have flexibility to study diverse biological models, prioritized based on 

relevance to human disease, expertise of consortium members, tractability, and other 

considerations. Current models include human embryonic and induced pluripotent stem cells 

(iPSC) differentiated into lineages spanning all germ layers in 2D and 3D (e.g., gastruloids, 

cardiomyocytes, and neurons); primary cell types relevant to disease areas of interest (e.g., 
smooth muscle cells for coronary artery disease); and human and mouse tissues in vivo to 

inform how cell-cell interactions and environment alter genome function (e.g., liver and lung 

in the presence of bacterial lipopolysaccharide) (Fig. 2). Selected models include dynamic 

biological processes that will provide insights into how regulatory networks change over 

time, such as B cell activation and differentiation or fibroblast-to-iPSC reprogramming.

While the primary objective of IGVF is to characterize variation and function of the human 

genome, IGVF studies will also study and create resources for mouse models, such as for 

comparing the effects of variants, elements, and genes across individuals with different 

genetic backgrounds, and for in vivo genomic perturbation experiments to understand how 

variants or genes affect cellular phenotypes in a tissue environment. IGVF will leverage 

the genetic diversity found in the collaborative cross (CC)95, which includes more than 15 

million SNVs between the 8 founder strains. These strains include the reference C57BL/6J 

strain, mouse disease models such as NOD, and recombinant inbred CC strains. Current 

efforts include collecting single-cell mapping data across 8 tissues in male and female adults 

to identify cell-type specific cellular programs and QTLs and compare to matching human 

samples.

The map-perturb-predict framework will enable integration across biological systems and 

models. For example, to enable integrative analysis across all projects studying gene 
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regulation, we will generate and harmonize multiomic snRNA+ATAC data as a reference 

map in each cellular model. To compare genomic perturbation datasets across projects, we 

will deploy consistent data processing pipelines, quantify reproducibility, and assess power. 

To integrate information across experimental assays and cellular models, we will train 

predictive models that learn from diverse data types and can generalize to new, unstudied 

cell types.

Throughout, a unifying analysis framework will be to consider and evaluate which cellular 

models and assays provide the best ability to distinguish or enrich for genomic variants 

associated with disease. For example, studies of coding variation in known Mendelian 

disease genes will validate the relevance of their cellular assays by comparison to known 

pathogenic and benign variants. Studies of noncoding variants associated with a common, 

complex disease might select a cellular model whose regulatory elements are globally 

enriched for containing risk variants. Such comparisons to human genomic variation will 

provide an external benchmark applicable to evaluating many methods and design decisions 

throughout IGVF (see below).

A map of genome function and variant effects

IGVF will deliver a preliminary variant effect map that integrates three key aspects of 

genome function: gene expression, protein function, and molecular networks (Fig. 3). This 

draft map would allow querying, for any possible SNV in the genome: Is this variant 

measured or predicted to (i) impact transcription factor binding, regulatory element activity, 

and target gene expression in particular cell contexts, for noncoding variants; (ii) impact 

protein function, for coding variants; and (iii) connect to other genes/proteins via gene 

regulatory networks and/or protein-interaction networks, for both coding and noncoding 

variants?

For each of these aspects of genome function, computational models have shown promise 

but much work is needed to improve their accuracy. Toward this goal, this preliminary map 

will integrate annotations of the different aspects of genome function for the first time, 

and to establish benchmarking pipelines to quantify the accuracy of all predictions against 

perturbation data and external human genetics datasets. We will encode this map of genome 

function, along with benchmarks and external data, in a multi-relational knowledge graph96–

99 as part of the IGVF Catalog (see below). This Catalog will provide a foundation for an 

iterative and ongoing effort extending beyond IGVF to improve the accuracy of this map 

over time (Fig. 3).

Effects on gene regulation

In the 99% of our genome that does not encode for proteins, noncoding variants can impact 

genome function by altering gene expression, splicing, chromatin state, or other aspects of 

gene regulation. Despite advances by ENCODE, GTEx, and other projects, we still lack 

models that can make accurate causal inferences about how genomic variation affects gene 

regulation94,100,101. We will seek to build genome-wide annotations of key components of 

this cis-regulatory code: Which SNVs affect transcription factor binding sites, regulatory 
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element activity, and gene expression in cis, in which cell types or states, with what 

magnitude and direction of effect?

To do so, IGVF plans to (i) generate multiomic snRNA+ATAC-seq data at a depth 

needed to identify candidate cis-regulatory elements, detect likely transcription factor 

binding sites35,102, and predict enhancer-gene relationships36,37,64,86,88,93; (ii) test >1 

million noncoding variants in enhancer activity reporter assays51,52,56,57,103; (iii) test 

thousands of noncoding variants for effects on expression through fine-mapping of eQTLs or 

direct CRISPR-based genome editing17,42–45,47; (iv) measure >100,000 putative regulatory 

interactions between candidate regulatory elements and nearby genes, for example using 

dCas9-based epigenome editing85,104–107; (v) and perturb transcription factors to read out 

effects on gene expression using Perturb-seq77–79. These experiments will be conducted in 

multiple cellular models, so that the data can be used to develop predictive models that 

generalize across many cell types. These cellular models will include several previously 

studied in ENCODE15 and GTEx17, to enrich and benefit from rich existing datasets.

Effects on protein function

For protein-coding sequences, our ability to interpret the functions of genomic variation is 

based on our knowledge of the genetic code for protein synthesis — which has enabled 

identifying open reading frames encoding novel proteins and understanding nonsense or 

frameshift variants. However, most coding variants, including missense variants and inframe 

indels, remain difficult to interpret, and we still lack a comprehensive understanding of how 

changes in protein sequence might affect different aspects of protein structure, expression, 

dynamics, and activity.

We will improve the annotation of protein-coding missense variants by applying high-

throughput technologies25,80–83 to experimentally characterize the impacts of >200,000 

missense variants on protein and cellular properties, including protein stability, subcellular 

localization, cell viability, cell morphology, and protein-protein interactions. These 

experiments will directly characterize thousands of variants in clinically relevant genes, 

such as those associated with Mendelian diseases, and provide data to refine or develop new 

models to predict the likely impact of coding variants in other genes across the genome.

Molecular networks and cellular phenotypes

Upon linking a variant to effects on gene expression or protein activity in cis, we will 

seek to annotate the sets of other genes and proteins linked to the variant in trans through 

molecular networks in a given cell type or state. Specifically, we will focus on defining 

three types of molecular networks: (i) gene expression programs, described by sets of genes 

whose expression levels are correlated across single cells; (ii) gene regulatory networks 

that describe which transcription factors regulate which target genes via specific noncoding 

regulatory sequences; and (iii) sets of interacting proteins or protein complexes. We will also 

examine dynamic changes to these molecular networks across cell fate or state transitions, 

and, to a more limited extent, explore links to downstream cellular phenotypes.

To build these maps, we will collect longitudinal multiomic data across dynamic cellular 

processes including differentiation and reprogramming70,108–110; study how genes and 
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proteins interact in molecular networks, including by mapping protein-protein interactions25 

and conducting large-scale Perturb-seq77–79; and assess how CRISPR-based perturbations 

or natural genetic variation across individuals affects cellular phenotypes including 

differentiation, gene expression programs, and cellular states. Such time-resolved datasets 

will be used to build dynamical regulatory models that incorporate feedback and feed 

forward loops and account for cell fate or state transitions.

We anticipate that many aspects of this map will be cell-type specific, with annotations 

for each of the hundreds of cell types, states, and contexts studied by IGVF. For example, 

predictive models that use snRNA-seq and ATAC-seq as inputs could be developed using 

data from cellular models, in which predictions can be directly evaluated with matching 

perturbation data, and applied to make cell-type specific predictions in cell types from 

primary tissues36,37,86,111.

Exploring the impact of variation on disease

The map-perturb-predict framework and IGVF variant effect map will provide new 

resources for the community to study the impact of genomic variation on human diseases 

and phenotypes, but this goal presents additional challenges. For many diseases, an 

individual’s risk is likely to be determined by a combination of thousands of independently 

acting variants112,113 — including for diseases presumed to follow Mendelian inheritance 

patterns, where penetrance and expressivity may include a polygenic component114. A 

single variant may have pleiotropic effects on multiple genes and pathways, only one or 

several of which may be important for disease1,17,88,89. Disease susceptibility can involve 

many different cell types, possibly at specific timepoints, with effects accumulating over 

decades or in specific environmental contexts115. The impact of genomic variation on 

genome function and phenotype can also differ across age, sex, populations, and ancestry, 

for example due to differences in allele frequencies116 or possible genetic or environment 

interactions117–121.

Toward addressing some of these challenges, we will focus on assessing how IGVF maps 

and methods can be best applied to: (i) inform clinical variant interpretation, particularly 

for rare diseases; (ii) learn about molecular and cellular mechanisms underlying risk for 

common and rare diseases; and (iii) ensure that lessons about the impact of genomic 

variation on genome function are applicable across diverse populations. Notably, each of 

these questions represents a major research area involving many strategies beyond those 

pursued in IGVF7–9,28,122–124, and these exploratory efforts will seek to integrate with other 

efforts in the field.

Informing genetic diagnosis

IGVF will apply variant effect maps of coding variation to inform the clinical interpretation 

of VUS in genes with known and suspected links to Mendelian genetic diseases. Data 

from multiplexed assays of variant effect can be translated into powerful evidence for 

clinical variant interpretation, for example moving 50% of VUS in BRCA1, 70% in 

TP53, 74% in MSH2, and 90% in DDX3X into more definitive pathogenic or benign 
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classifications81,125,126. These studies have improved genetic test results for cancer risk and 

ended diagnostic odysseys for families with neurodevelopmental disease.

To expand this approach, IGVF labs will experimentally measure the effects of hundreds 

of thousands of variants in known disease genes, with a particular focus on those where 

identification of loss-of-function variants is clinically actionable127,128. We will assess the 

extent to which experimental data or computational predictions correctly identify variants 

previously classified as either pathogenic or benign, and calibrate these analyses for clinical 

applications129,130. Clinicians routinely use experimental and predictive data to interpret 

the effects of coding variants, but do not yet do so for noncoding variants. Thus we will 

explore whether IGVF data and predictions could also improve the clinical interpretation 

of noncoding variants. IGVF will deliver variant effect maps and calibrated predictions 

that will ultimately substantially reduce the VUS burden in etiological diagnosis of rare 

disease124. Integration of maps for both coding and noncoding variants could also aid in 

the development of the next-generation polygenic risk score methodologies for better risk 

characterization in complex phenotypes117.

Molecular mechanisms of disease risk

Improved variant effect maps could be transformative for identifying new biological 

mechanisms that influence genetic risk for disease. In particular, we will seek to understand 

how best to combine the map-perturb-predict framework and variant effect maps with 

human genetic data to nominate variants, genes, cell types, and cellular programs that 

influence disease risk.

We will study a variety of diseases and traits guided by the expertise of consortium 

members, including highly powered quantitative traits with simpler biological architectures, 

such as lipid and hematological traits, as well as complex diseases involving many cell types 

such as systemic lupus erythematosus, coronary artery disease, and Alzheimer’s disease. 

Comparison of strategies between these systems will be informative. As one example, 

IGVF investigators are studying variants associated with lipid traits, where GWAS and 

whole-exome sequencing studies have already identified hundreds of associated noncoding 

and coding variants, and where certain key genetic pathways involved in lipid handling are 

already known11,131–133. By conducting CRISPR screens to identify variants and regulatory 

elements that affect lipid uptake in cellular models enriched for trait heritability, testing 

variant effects on enhancer activity in massively parallel reporter assays, and applying 

state-of-the-art predictive models, we will evaluate which combinations of experiments 

and/or predictive models provide the best ability to predict disease-associated variation 

and known causal genes. To complement these high-throughput maps, certain projects will 

conduct detailed studies of mechanisms of particular GWAS loci or known disease genes, 

including in animal models. These combined efforts will reveal mechanisms of genetic risk 

for selected diseases, inform the molecular genetic architecture of complex traits, and help to 

develop strategies to identify causal variants, genes, and pathways for any complex disease.

Page 9

Nature. Author manuscript; available in PMC 2025 April 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Impact of variation across populations

IGVF aims to ensure that insights about the impact of genomic variation are applicable to 

and inclusive of people of diverse groups. To do so, we will promote diversity in functional 

genomics studies, experimentally study and computationally annotate variants observed 

in diverse populations, study diseases disproportionately affecting disadvantaged or under-

represented populations, and explore the extent to which particular variants might exert the 

same or different effects due to interactions with genetic background or environment134–136.

We will employ both experimental and computational strategies. In the current design phase, 

we have incorporated variants from diverse populations, including from the 1000 Genomes 

Project137, Millions Veterans Program138, and cross-ancestry GWAS meta-analyses131,139–

142. Biological models include iPSCs derived from individuals from different populations 

(including European, East Asian, and African), and genetically diverse mouse lines from the 

Collaborative Cross143. Saturation mutagenesis will be employed to measure variant effects 

in clinically relevant protein-coding sequences to enable interpretation of variants observed 

in any individual144. We will deploy computational models to make context-specific 

predictions for SNVs across the genome, including methods to predict individual-specific 

effects of noncoding variants on chromatin state and gene expression61,63,64. These data 

and analyses will provide insights into variant effects across groups and provide a valuable 

resource for investigating the effects of variants discovered in diverse populations.

Data release and resources

A major goal of IGVF is to catalyze future research to understand the relationships between 

genome function, genomic variation, and phenotype. To do so, we will build the IGVF Data 

Resource to enable biomedical researchers across diverse disciplines to access and apply 

IGVF datasets, predictions, and methods (https://igvf.org).

For researchers who want to explore data and predictions, we will create the IGVF Catalog. 

The IGVF Catalog will consist of one or more web portals that enable searching for 

information about specific variants, genomic loci, or genes, and will draw from processed 

data, analysis products, and computational predictions generated by IGVF as well as 

external data sources (Fig. 3). To support users who want programmatic access to perform 

integrative analyses or to develop web applications, we will also provide an application 

programming interface (API) to the underlying knowledge graph.

For researchers who want to access raw or processed data, we will develop the IGVF Data 

Portal. The Data Portal will provide web-browser and programmatic access to uniformly 

processed datasets, analysis products, and rich metadata, enabling users to develop new 

computational methods, analyze IGVF data in new ways, or compare their data to IGVF 

standards. The IGVF Data Portal will follow principles of making data Findable, Accessible, 

Interoperable, and Reusable (FAIR)145. Data will be stored in cloud file buckets to facilitate 

computing on the data in place. Some IGVF data may not have consent for public sharing; 

such data will be deposited in NHGRI’s Analysis, Visualization and Informatics Lab 

(AnVIL) platform to provide access control in adherence to NIH Policy146.
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For researchers who want to apply IGVF methods and strategies to additional systems, 

the Data Portal will also share documentation on IGVF standards, protocols, and best 

practices for experimental design, data analysis, and predictive modeling. These resources 

will include computational methods, data formats, and consensus data processing pipelines 

for key assays and analysis products, such as for single-nucleus RNA-seq and ATAC-seq, 

CRISPR experiments, MPRAs, eQTL studies, and others. Data analysis tools will include 

approaches to assess replicates, quantify experimental noise, and assess power. All data 

processing code will be released with open-source licenses to enable others to analyze 

similar data in an identical fashion, and we will strive to make sure that it can be run on 

compute resources accessible to researchers throughout the global research community.

For all researchers, we will provide training and support on how to access these IGVF 

resources. For up-to-date information on where to find instructional streaming videos, 

online notebooks and tutorials, and schedules for seminars and webinars, visit www.igvf.org. 

Altogether, we expect that these resources will enable a wide range of scientific activities, 

expanding far beyond the specific studies undertaken by the IGVF Consortium.

Finally, IGVF is committed to rapid release of data and results. Data and predictions will be 

released upon quality control and no later than manuscript submission, and manuscripts will 

be posted on preprint servers prior to manuscript submission.

Collaborations and community

Understanding genomic variation and genome function is a grand challenge that demands 

global and interdisciplinary collaboration. IGVF welcomes collaboration with, and input 

from, the broader scientific community. Researchers interested in joining IGVF can apply 

for Affiliate Membership. Affiliate members can participate fully in working groups and 

other IGVF collaborations, and thereby drive the vision, goals, and execution of consortium 

activities. For more information, visit https://igvf.org/affiliate-membership/.

IGVF is actively coordinating with other consortia, including ClinGen8, the Genomics 

Research to Elucidate the Genetics of Rare diseases (GREGoR) consortium, and the Atlas 

of Variant Effects (AVE) Alliance144. These collaborations will facilitate the open exchange 

and interoperability of genomic data and resources, for example to use common variant 

naming schema, genome and transcriptome builds, and analysis pipelines.

Similarly, IGVF activities will benefit from close interactions with efforts to characterize 

human genomic variation and assemblies, such as the Human Pangenome Reference 

Consortium (HPRC)147; with efforts to catalog disease-associated variation across 

ancestries, including All of Us148 and TOPMed10; with efforts to build atlases using single-

cell tools, such as the Human Cell Atlas21 and HuBMAP20; and with efforts to compare 

and evaluate strategies for interpreting genetic variation associated with disease, such as the 

International Common Disease Alliance28.
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Outlook

With the rapid expansion of human genetics studies linking variation to disease, the 

interpretation of the impact of genomic variation on function is currently a rate-limiting 

step for delivering on the promise of precision medicine. The IGVF Consortium will pursue 

a unique, coordinated strategy for accelerating progress (Box 2).

Success for IGVF will involve creating resources and generating scientific advances not 

possible through individual efforts. Key outcomes include (i) insights into genome biology 

and advances in genetic diagnosis enabled by the map-perturb-predict framework and 

variant effect maps; (ii) an interoperable ecosystem of data, predictions, and models that 

will be used by IGVF and the broader scientific community to derive insights into genome 

function, genomic variation, and phenotype; (iii) massive, uniformly processed datasets 

spanning single-cell and functional characterization assays that directly assay large swaths 

of the genome and serve as an enduring, foundational resource for developing predictive 

models; (iv) a Catalog that provides web and programmatic access to look up integrative 

predictions and experimental data regarding variants, genomic elements, and genes across 

many cell types and contexts; and (v) new methods and strategies for studying genome 

variation and function, derived through systematic comparisons of methods. Altogether, 

these activities will set in motion community efforts to expand on this framework by 

collecting additional datasets, training improved models, generating more accurate maps, 

and expanding the approach to additional cell types and aspects of genome function.

While ambitious, IGVF activities do have limitations in scope. IGVF aims for systematic 

analysis of certain aspects of genome function, but others—including effects on nuclear 

organization; RNA splicing, localization, and translation; protein signaling and metabolism; 

and cellular phenotypes, cell-cell interactions, and tissue organization—are of great interest 

but will require efforts beyond the current membership of the Consortium. IGVF projects 

span a great breadth of cellular models and disease areas, but are not necessarily designed 

for comprehensive analysis of any single disease. IGVF will use cellular models to develop 

predictive models that are applicable to understanding variants in many systems, but 

systematic analysis to map epistatic interactions among variants, environment, time, and 

other variables will require deeper studies and alternative approaches. IGVF welcomes 

interactions with or membership of projects that aim to explore or systematically address 

these areas of interest.

Many challenges lie ahead. Genomic technologies, both experimental and computational, 

are developing rapidly, and balancing the implementation of the newest scalable tools 

with continuing standards to ensure data interoperability will require attention. While data 

generation technologies have increased throughput exponentially over the last 15 years, the 

amount of data needed to build accurate models of genome function is unknown, and fully 

realizing the goal of mapping the impact of genomic variation on function will require 

additional advances in both experimental and computational methods. For all of these 

challenges, the framework developed by the IGVF Consortium to develop and benchmark 

methods, refine best practices and standards, and share data and methods will drive scientific 

discoveries in human health and disease for years to come.
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Box 1:

Mapping the impact of genomic variation on genome function can reveal 
biological mechanisms and advance precision health

Selected examples (see also refs 1,28,29):

Learning basic and disease biology:

• eQTL and gene knockdown studies of a CAD GWAS locus identified sortilin 

(SORT1) as a regulator of LDL cholesterol levels and elucidated its molecular 

function in LDL uptake158,159

• Epigenomic maps and variant-to-function studies revealed a role for 

transcription factors IRX3/5 in regulating adipocyte browning to influence 

obesity160,161

• Characterization of risk variants for inflammatory bowel disease has 

identified multiple genes involved in autophagy, including ATG16L1 and 

LRRK2, revealing new roles in myeloid and intestinal epithelial cells162,163

Guiding genetic diagnosis:

• Saturation genome editing of BRCA1 led to improved diagnosis of inherited 

risk for breast and ovarian cancer23

• Functional variant annotations improve the applicability of polygenic risk 

scores across populations117

Guiding therapeutic development:

• Designed mutagenesis of SMN2 identified an intronic splice enhancing 

sequence that guided development of antisense oligonucleotides to treat spinal 

muscular atrophy164,165

• Dissection of a GWAS locus led to identification of BCL11A as a repressor 

of fetal hemoglobin and development of CRISPR editors for sickle cell 

disease50,166,167
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Box 2:

IGVF goals and approaches

• Characterize the impact of genomic variants, regulatory elements, and genes 

on molecular and cellular phenotypes — by analyzing naturally occurring or 

designed genomic perturbations across dozens of cellular models.

• Identify where and when regulatory elements and genes are active with 

resolution for individual cell types and states — by applying single-cell 

mapping technologies across hundreds of biological samples including 

cellular models, tissues, and environmental contexts.

• Predict the consequences of genomic variation on genome function and 

phenotype for previously unstudied variants and/or cellular contexts — 

by developing predictive computational models that can generalize across 

contexts and establishing benchmarking pipelines to evaluate and calibrate 

their accuracy.

• Study diverse cellular and disease systems, types of genomic variation, and 

aspects of genome function — by developing and applying a “map-perturb-

predict” framework in which single-cell mapping, genomic perturbations, and 

predictive modeling are synergistically combined.

• Create an initial map that annotates the predicted effects of every possible 

single-nucleotide variant in the human genome on key aspects of genome 

function — by integrating models for how coding variants might alter protein 

function, how noncoding variants might affect gene expression, and how 

noncoding and coding variants might connect within molecular networks.

• Advance our understanding of the impact of genomic variation on disease — 

by exploring how best to apply IGVF resources to inform genetic diagnosis 

and to identify biological mechanisms of disease risk.

• Ensure that these advances are applicable to and inclusive of people of diverse 

sexes, ancestries, and populations — by studying individuals with different 

genetic backgrounds, assaying and predicting effects of variants observed 

in diverse populations, and studying diseases disproportionately affecting 

disadvantaged or under-represented populations.

• Catalyze research by others toward the long-term goal of understanding the 

impact of genomic variation — by partnering with the broader research 

community and developing resources and infrastructure to share IGVF data, 

methods, standards, and pipelines.
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Figure 1. Genomic variation influences genome function and phenotype.
Genomic variation includes SNVs, indels, and structural variants, which can alter protein-

coding sequences or noncoding sequences. Genome function encompasses the cell-type 

specific activities and interactions among regulatory elements, genes and proteins within 

molecular networks that underlie cellular phenotypes. Organismal phenotypes include 

quantitative and binary traits in health and disease.
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Figure 2. A map-perturb-predict framework to connect genome variation to genome function 
and phenotype.
(top) IGVF projects will apply single-cell mapping, genomic perturbations, and predictive 

modeling, which will interact in a synergistic and iterative fashion (red text); Gray: 

Examples of experimental approaches, including 10x Multiome, simultaneous high-

throughput ATAC and RNA expression with sequencing (SHARE-seq)70, and Parse 

Evercode (split-pool combinatorial indexing single-cell RNA-seq)71, massively parallel 

reporter assays (MPRA)52,56,57, Self-Transcribing Assay of RNA Reporters (STARR-seq)51, 

CRISPR interference and activation (CRISPRi/a)149, Variant Abundance by Massively 

Parallel sequencing (VAMP-seq)22, RNA FlowFISH85, and Cell Painting84. (bottom) IGVF 
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projects will address a wide variety of biological questions and utilize diverse biological 

systems, models, and samples. hPSC: Human pluripotent stem cells, including embryonic 

stem cells and iPSCs.
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Figure 3. The IGVF Catalog of genome function and the impact of genomic variation.
IGVF will create a catalog linking genomic variation (top) to genome function (middle 

box) to phenotype (bottom). Purple: Examples of experimental methods applied by IGVF. 

Red: Relationships where IGVF plans to develop and apply computational models to 

comprehensively annotate all possible single-nucleotide variants across many cell types. 

Orange: Relationships where IGVF plans to develop and apply computational methods 

in a more targeted fashion, for example in the context of certain cellular phenotypes 

or diseases. Blue: Examples of external resources or ontologies that could interact with 

and/or be incorporated into this catalog. We note that the listed set of edges represent 

current plans and are not exhaustive with respect to topics relevant to interpreting genomic 

variation. Abbreviations and citations: dbSNP150, gnomAD4, ENCODE15, GTEx17, 

chromatin accessibility (ca)QTLs, saturation genome editing (SGE)23, Variant Abundance 

by Massively Parallel sequencing (VAMP-seq)22, MaveDB24, HuBMAP20, GENCODE151, 

UniProt152, Gene Ontology (GO)153, protein-protein interactions (PPI), IntAct Molecular 

Interaction Database154, NHGRI Molecular Phenotypes of Null Alleles in Cells (MorPhiC) 

Page 43

Nature. Author manuscript; available in PMC 2025 April 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Consortium, Mondo Disease Ontology155, Human Phenotype Ontology (HPO)156, rare 

variant association studies (RVAS), Online Mendelian Inheritance in Man (OMIM)157.
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