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Abstract 

Artificial intelligence (AI) technologies have recently undergone a transformative growth in capabilities. In 

human genetics, AI is rapidly advancing our ability to reveal the effects of genetic variation. This review explores 

recent progress and remaining challenges across the diverse applications of AI in genotype-to-phenotype 

mapping, from predicting the functional and clinical consequences of mutations, to identifying causal genes, to 

estimating disease risk. Particular emphasis is placed on the growing utility of general-purpose foundation 

models trained on massive genomic data, including DNA and protein language models, alongside areas where 

narrower machine-learning approaches still dominate. The review concludes with key considerations for future 

progress and impact. 
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1. Why AI? Why genetics? 

In November 2020, DeepMind unveiled AlphaFold, an artificial intelligence (AI) model capable 

of accurately predicting protein structures [1]. The Nobel Prize committee later described this 

breakthrough as “solving a 50-year-old problem” [2], a milestone many had believed to be decades 

away [3]. Similar advances in AI-driven protein engineering shared the same Nobel Prize for enabling 

“the almost impossible feat of building entirely new kinds of proteins” [2]. With the current rate of 

progress, it is widely believed that AI is bound to fundamentally reshape biomedicine. But to 

seriously discuss the implications of these advances, we must ask: what specific problems can AI solve, 

and how exactly will it help us fight disease? The most popular narrative highlights the potential of AI in 

protein and drug design, but here I wish to explore another, underappreciated angle: human genetics. 

Genetics is a science of changes and their consequences, which presents profound challenges. 

Investigating the effects of mutations, especially ones never observed before, requires more than 

finding statistical correlations; it requires reasoning. As we will see, many AI applications struggle to 

deal with genetic changes. AlphaFold, for example, relies too heavily on naturally-occurring 

structures and struggles to predict the structures of mutated protein sequences [4]. But other AI 

applications rise to the challenge. 

AI offers an imperfect but practical approach to studying genetic effects, thanks to its ability to 

piece together and transfer knowledge learned directly from genomic data. This review explores how 

such AI is reshaping our decades-long quest to decipher the link between genotype and phenotype. 

The primary audience is geneticists interested in learning how AI can assist their investigations. The 

review is also intended for AI researchers looking for a deeper understanding of this unique domain 

and its challenges. To make it accessible to readers from diverse backgrounds, a glossary of AI and 

genetics terms (Table 1) and a summary of genomic AI models (Table 2) mentioned throughout the 

review are provided below.  
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Table 1. Glossary of AI and genetics terms. 

Term Definition 

Amino acid The molecular building block of proteins. There are 20 standard amino acids (and 

a few non-standard ones) which can be chained together in numerous 

arrangements to form protein sequences. 

Burden test A statistical method used to detect genes or other genomic regions associated with 

a trait. Instead of testing each variant separately, burden tests combine multiple 

variants into a single score that represents the overall burden of variants in a 

region per individual. The burden score is then tested for correlation with the trait 

across individuals. 

Coding & non-coding 

genomic region 

Coding regions in the genome contain instructions for creating proteins, whereas 

non-coding genomic regions have other functions, usually related to gene 

regulation. Mutations are also described as coding or non-coding, depending on 

whether they affect the sequence of a protein product. 

Chromatin mark A chemical modification of the DNA complex, known as chromatin. Common 

examples include DNA methylation and histone modifications. The state of the 

chromatin has a critical role in gene expression regulation. 

Deep learning A machine-learning approach based on artificial neural networks. Each artificial 

neuron is represented by a number and can affect the numeric values of 

downstream neurons in the network, depending on the strength of connections 

(weights) between pairs of neurons. The more neuron layers there are between the 

input and output, the deeper the network is. 

Exon & intron Genes are made up of exons and introns. Exons are the parts of a gene that remain 

in the final RNA, while introns are removed during RNA processing in a process 

called splicing. 

Feature In machine learning, a feature is an individual measurable property given as input 

to a model. Features can be anything from the age of a patient to the GC content 

of a DNA sequence, depending on the problem. The choice and design of features 

heavily influence model performance, especially in classical machine learning. 

Fitness A quantitative measure of an organism’s reproductive success. Mutations that 

improve survival or reproduction increase fitness and are favored by natural 

selection. 

Foundation model A large, general-purpose AI model trained on massive data and designed to be 

highly adaptable. Instead of being trained for one specific task, foundation models 

learn broad knowledge and representations that can be repurposed for diverse 

applications. Large language models are a notable example. 

Gene A segment of the genome that contains the instructions for making an RNA 
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product, which in turn is often translated to a protein product. 

Homology Similarity between genomic sequences due to shared evolutionary origin. 

Homologous sequences often have related functions, meaning that knowledge 

about one can be used to make inferences about the other. 

Genetic effect The influence that a genetic factor, such as a variant or a gene, has on a trait. Some 

genetic effects can single-handedly lead to severe disease, while others are more 

subtle.  

Genome The complete set of DNA in an organism, including all the genes and non-coding 

regions. 

Genome-wide 

association study 

(GWAS) 

A study design used to identify genetic variants associated with a trait by scanning 

the entire genome in a large population. Each variant is tested for statistical 

correlation with the trait, for example whether it is more common in cases (people 

with a given disease) than controls (people without it). 

Genotype & phenotype Genotype refers to an individual’s genetic makeup, including the specific variants 

they carry. Phenotype refers to an observable trait, such as height, disease status, 

or gene expression levels. Much of human genetics is studying how specific 

genotypes affect specific phenotypes. 

Large language model 

(LLM) 

A deep-learning model trained to predict the next piece of text in a given source 

(usually taken from the internet) given all the text that came before it. This simple 

training task, if applied over huge amounts of text and compute, has given rise to 

some of the most capable models (such OpenAI’s GPT models which power 

ChatGPT). 

Monogenic / Mendelian 

& polygenic / complex 

disease 

Monogenic (or Mendelian) diseases are caused by mutations in a single gene and 

follow clear inheritance patterns. Polygenic (or complex) diseases, in contrast, are 

influenced by many genetic variants, most of which have small effects, along with 

environmental factors (and their complex interactions). 

Multiple sequence 

alignment 

A method for lining up multiple genomic sequences so that similar positions 

across sequences are aligned. This helps identify and characterize conserved 

regions of shared origin and infer evolutionary constraints. 

Mutation / variant A change in a DNA sequence, considered the basic unit of genetic difference 

between individuals. The terms “mutation” and “variant” sometimes carry 

different nuances, but are used largely interchangeably in this review. 

Nucleotide (nt) The building block of DNA and RNA molecules. DNA and RNA sequences can 

be represented as strings in a four-letter alphabet consisting of the four 

nucleotides: A, C, G, and T (for DNA) or U (for RNA). Sequence lengths are 

measured in nucleotides (e.g., 120 nt). 

Promoter & enhancer Regulatory DNA sequences that control when and how much genes are expressed 
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(i.e., transcribed into RNA). A promoter is located near the start of a gene and is 

required to initiate transcription. Enhancers can be farther away and boost gene 

activity. 

Protein The molecules that carry out most biological functions that sustain life, from 

catalyzing chemical reactions to connecting tissues. Proteins are made of long 

chains of amino acids folded into specific 3D structures. A protein’s sequence 

determines its structure and function. Mutations that change that sequence can 

disrupt the protein and cause disease. 

Phylogeny The evolutionary relationships among species or genes, often represented as a 

tree. Phylogenies are reconstructed by comparing genomic sequences to infer how 

species or sequences have diverged and evolved over time. 

Splicing A biological process that removes specific parts of an RNA (called introns) and 

joins the remaining pieces (called exons) to create a mature RNA molecule. 

Splicing is guided by specific sequences, primarily the splice donor at the start of 

an intron and the splice acceptor at its end. Errors in splicing can change the 

resulting RNA molecule and cause disease. 

Supervised learning Training machine-learning models on labeled data, where each sample has a label 

indicating the desired prediction value.  

Transcript / RNA A biological molecule similar to DNA, produced by transcribing the sequence of 

a gene. Some RNA molecules code for proteins; others help regulate genes or 

support other biological functions. 

Wildtype An unmutated sequence, used as a reference point when studying genetic 

variation. A wildtype gene, protein or organism is one without the specific 

changes being investigated. 

Zero-shot prediction Application of an AI model to a task it hasn’t been explicitly trained to perform 

without fine-tuning or changing the model. For example, it turns out that protein 

language models, which have been trained to predict wild-type protein sequences 

across different species, can predict whether coding mutations in the human 

genome are pathogenic or benign. 

Table 2. Genomic AI models used in human genetics. 

Task Model Repository / Server Ref 

Protein / DNA language 

modeling 

ESM github.com/facebookresearch/esm  [5,6] 

Evo2 github.com/ArcInstitute/evo2  [7] 

Protein structure prediction AlphaFold alphafoldserver.com 

alphafold.ebi.ac.uk  

[3] 
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ESMFold github.com/facebookresearch/esm 

esmatlas.com/resources 

[5] 

RoseTTAFold github.com/RosettaCommons/RoseTTAFold  [8] 

Variant pathogenicity 

prediction 

AlphaMissense zenodo.org/records/8360242  [9] 

CADD cadd.gs.washington.edu  [10–12] 

ESM1b github.com/ntranoslab/esm-variants 

huggingface.co/spaces/ntranoslab/esm_variants  

[13] 

EVE evemodel.org [14] 

Evo2 github.com/ArcInstitute/evo2  [7] 

FATHMM fathmm.biocompute.org.uk [15,16] 

GPN-MSA huggingface.co/collections/songlab/gpn-msa-

65319280c93c85e11c803887  

[17] 

PhyloGPN huggingface.co/songlab/PhyloGPN  [18] 

phyloP compgen.cshl.edu/phast [19] 

PolyPhen-2 genetics.bwh.harvard.edu/pph2 [20] 

PrimateAI-3D primateai3d.basespace.illumina.com [21] 

REVEL sites.google.com/site/revelgenomics [22] 

SIFT sift.bii.a-star.edu.sg [23] 

Predicting variant effects on 

chromatin & gene 

regulation 

AlphaGenome deepmind.google.com/science/alphagenome [24] 

Borzoi github.com/calico/borzoi  [25] 

DeepSEA deepsea.princeton.edu [26] 

Enformer github.com/google-deepmind/deepmind-

research/tree/master/enformer  

[27] 

ExPecto hb.flatironinstitute.org/expecto [28] 

PrediXcan github.com/hakyimlab/PrediXcan [29] 
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SpliceAI github.com/Illumina/SpliceAI [30] 

Fine-mapping GWAS 

results 

cV2F github.com/Deylab999MSKCC/cv2f  [31] 

GWAVA www.sanger.ac.uk/tool/gwava [32] 

FLAMES github.com/Marijn-Schipper/FLAMES  [33] 

2. Terminology & AI Trends 

The term artificial intelligence (AI) is somewhat fluid. Here, it will be used interchangeably 

with machine learning (ML), referring to any computer program that learns from data rather than 

relying on explicitly programmed rules. Classical ML aims to learn patterns from a given dataset that 

would generalize to similar data in order to perform a well-defined task (Figure 1A). Modern AI, on 

the other hand, aims for broader generality. A key development is the rise of foundation models, a 

somewhat loosely defined term describing models trained on massive datasets to support a wide 

range of possible applications (Figure 1B). While the label is overused and many so-called foundation 

models are of little use in practice, the best ones have demonstrated remarkable capabilities. These 

models currently hold the most promise, so they receive special attention in this review. Yet in some 

areas, as we will see, narrower models continue to deliver the best results. 

 

Figure 1. From task-specific machine learning to general-purpose AI. (A) Classical machine learning models 

are trained for a specific task (e.g., predicting the effects of mutations) using carefully curated datasets tailored 

to that task. (B) The modern AI approach, in contrast, centers around general-purpose foundation models 

trained on massive amounts of data. The pretrained model can then be applied to a wide range of applications 

either directly (zero-shot) or via additional training (fine-tuning). New capabilities of a model are sometimes 

discovered years after its release. 

Covered topics 

Throughout this review, we will explore how AI is used to uncover the molecular and clinical 

consequences of genetic variation, spanning both coding and non-coding genetic effects and both 

monogenic and polygenic diseases (Figure 2). While much of this discussion applies across species, 

the primary focus is human. We will start with one of the earliest applications of ML in genetics: 

predicting whether a given coding mutation is pathogenic. From there, we will turn to more specific 

structural and molecular phenotypes, and expand the discussion to non-coding variants affecting 

gene regulation. The final sections will shift to downstream applications in statistical genetics, 
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including genetic association studies and disease risk prediction. We will conclude with a brief 

overview of the main challenges facing the field. 

 

Figure 2. Applications of AI in human genetics. AI can inform a wide range of genotype-to-phenotype mapping 

tasks pertaining to both molecular and clinical phenotypes. 

3. Identifying Disease-Causing Protein Mutations 

To begin our exploration of AI applications in human genetics, let us start with a longstanding 

problem that forms the basis for many others: determining whether mutations are pathogenic. 

The clinical gap: Rare genetic disorders typically follow Mendelian inheritance, where 

inheriting one or two copies of a pathogenic mutation will cause the condition [34,35]. Despite rapid 

advances in sequencing technologies and diagnostic protocols, only ~50% of patients currently end 

up with a clear molecular diagnosis, due to uncertainty over which mutations are pathogenic [36,37]. 

To help close this diagnostic gap, pathogenicity prediction models are trained to predict whether a 

given mutation is pathogenic or benign [23,38]. 

Training strategies: Most variant pathogenicity prediction models, including popular methods 

such as PolyPhen [20] and REVEL [22], rely on supervised ML: a model is trained on variants 

explicitly labeled as pathogenic or benign. An alternative strategy, employed by methods like SIFT 

[23] and phyloP [19], predicts variant pathogenicity based on evolutionary conservation. These 

methods infer that variants at highly conserved sites, or variants rarely observed across species, are 

more likely to be deleterious. More recent methods build on this principle by training deep neural 

networks on families of homologous protein sequences across different species. EVE, for example, 

models the variation of sequences within each protein family and infers how compatible variants are 

with these models [14]. This approach allows models to learn not only which specific sites are 

conserved, but also what general types of sequence variations are likely to be negatively selected 

within a given protein family. 

Protein language modeling: Protein language models take this approach further, training a 

single universal model on the entire space of protein sequences known across all species and protein 

families (Figure 3A). This simple training task, when applied over hundreds of millions of protein 

sequences, gives rise to a foundation model that has acquired general knowledge about the complex 

interplay between protein sequence, structure and function [5,6,39–42] (Figure 3B). Unlike structure 

prediction models like AlphaFold, protein language models can predict function directly from 

sequence without explicitly dealing with protein structure. 
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Figure 3. Protein language models. (A) Analogous to large language models (LLMs) of text, protein language 

models are trained to predict the correct amino acid at each protein position over hundreds of millions of protein 

sequences. (B) Protein language models implicitly learn about the underlying processes that have generated the 

sequences they are trained on, including protein structure, function and fitness. 

Once trained, protein language models can predict variant effects “zero shot” (i.e., without 

additional training) by assuming that sequence likelihood, which they are trained to predict, is a good 

proxy for fitness [43]. Protein language models such as ESM1b have shown high accuracy and 

generalizability at variant effect prediction, including in the context of complex (non-missense) 

variants and alternative protein isoforms [13]. However, this approach may not scale indefinitely. 

While sequence likelihood correlates with fitness, it is ultimately a different prediction target. For 

example, a protein language model may predict amino acids by simply memorizing portions of the 

phylogenetic tree [44]. Indeed, recent works have shown that beyond a certain point, further scaling 

of protein language models only degrades their variant effect predictions [45]. Designing better 

training objectives that reliably track sequence fitness is an important open problem [46]. 

Hybrid methods: Recent variant pathogenicity prediction models such as AlphaMissense [9] 

and PrimateAI-3D [21] aim to get the best of both worlds by combining protein language modeling 

with supervised learning and explicit structure inference. AlphaMissense in particular is highly 

accurate at predicting pathogenic mutations [47]. However, the higher accuracy of this approach 

comes at the cost of reduced generality. For example, both AlphaMissense and PrimateAI-3D are 

restricted to single-letter substitutions, and cannot generalize to types of mutations they have not 

explicitly trained on such as insertions and deletions.  

Clinical impact: Since the publication of clinical guidelines for variant classification about a 

decade ago [34], computational variant pathogenicity predictions have improved substantially. 

Presented with a random pathogenic and a random benign mutation from a clinical benchmark such 

as ClinVar [35], a modern AI model will correctly rank the pathogenic mutation as more damaging 

with over 90% probability across many types of variants [47]. These advances have led to much 

stronger clinical evidence being assigned to computational predictions [48,49] and improved 

methodology for deriving clinical evidence from predictions [50,51]. However, despite this 

significant progress, clinical guidelines still center on other sources of evidence and treat 

computational predictions as secondary. In light of the new state of the art, it may be time to come 
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up with entirely new variant classification guidelines where computational predictions play a more 

central role. 

Limitations: Despite the enormous progress we have seen, variant pathogenicity prediction 

models still have substantial limitations. First, the data used for training and evaluating these models 

gives a somewhat biased view of all the pathogenic mutations that truly exist. While ClinVar and 

other clinical datasets are quite comprehensive with respect to coding variants, they do not uniformly 

cover the entire coding genome and all types of genetic effects [47]. Additionally, pathogenicity is a 

rather abstract phenotype, and models that predict it directly from sequence are very likely to end 

up as “black boxes”. Users are left with little guidance on when to trust these predictions. As a starting 

point, more research is needed to characterize how prediction accuracy varies across genomic and 

disease contexts. Another limitation is that most models are optimized to detect mutations that inhibit 

molecular functions rather than enhance or change them. As a result, existing models tend to 

underperform on mutations with gain-of-function and dominant-negative effects [52]. Addressing 

these limitations calls for more efforts to predict concrete molecular and cellular phenotypes, thereby 

providing more context to the useful but abstract label of “pathogenic” or “damaging”. 

3.1. The pursuit of mechanism: predicting genetic effects at the molecular level 

Protein structure: To understand the consequences of a coding mutation at the molecular level, 

a good place to start is asking how it affects the structure of the protein. The 2024 Nobel Prize 

Committee described AlphaFold as having solved the problem of protein structure prediction [2,3]; 

but while a large chunk of the problem can indeed be considered solved, state-of-the-art models such 

as AlphaFold and RoseTTAFold still face major limitations [53]. In particular, it has been observed 

that AlphaFold performs poorly when dealing with mutated sequences [4], probably due to its 

training on predominantly wildtype proteins that fold correctly. In other words, protein structure 

prediction in its most general form – predicting the structure that an arbitrary amino-acid sequence 

will fold into – remains far from solved. This is especially true from the perspective of human 

genetics, where the object of interest is sequences that deviate from wildtype. For example, we do not 

yet have the ability to accurately predict how patient-specific mutations affect protein structure. 

An alternative structure prediction approach was introduced by ESMFold based on protein 

language modeling [5]. Unlike AlphaFold, protein language models are not dependent on homology, 

giving ESMFold a significant advantage when dealing with mutated and de-novo sequences. 

However, ESMFold is overall less accurate than AlphaFold and RoseTTAFold at wildtype protein 

structure prediction, and a systematic evaluation of structure prediction models over mutated 

proteins is yet to be carried out. 

An important dimension of structure prediction is the availability of structural data. The Protein 

Data Bank (PDB) [54], the main repository of protein structures, is dominated by proteins crystallized 

under artificial conditions. As a result, it does not fully reflect the actual protein conformations 

adopted in the aqueous environment of living cells, which include aspects such as conformational 

flexibility (e.g., fold switching) and intrinsically disordered regions. It also underrepresents many 

transient or complex protein assemblies that are too challenging to resolve with current experimental 

techniques [55,56]. Structure databases are further dominated by functional proteins, with few 

examples of destabilizing mutations that could reveal how sequence variation impacts protein 

structure [53]. All of these biases likely affect the predictions made by AlphaFold and other models. 

Molecular phenotypes: Variant effect prediction can also be directed at specific molecular and 

cellular phenotypes. Data on these phenotypes often comes from multiplexed assays of variant effect 

(MAVE), a family of experimental methods for measuring the functional impact of tens of thousands 

of variants relative to a reference sequence [57,58]. In the context of coding mutations, deep 

mutational scans (DMS) can measure phenotypes such as protein expression, enzymatic activity, 

ligand binding, or cell proliferation. The molecular phenotypes measured by these methods often 

serve as proxies for variant pathogenicity [13,14,43]. Functional assays can also help uncover the 

mechanism underlying genetic effects or guide genetic engineering.  
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Computational prediction of molecular phenotypes can expedite these efforts by allowing 

experimentalists to assay a subset of mutations and computationally impute the rest. Several models 

have been proposed for this task, but accurately predicting molecular phenotypes in a robust and 

general way remains an open challenge. A recent study even found that many of these complex 

models are outperformed by a simple linear model [59]. 

The approach taken by existing phenotype prediction methods is to treat each assay as an 

independent prediction task. However, if the goal is to train models that capture the complex 

mechanisms of genetic effects, it might be necessary to move past one-dimensional scores toward 

predictions of richer phenotypes. For example, to distinguish between mutations that cause protein 

misfolding (resulting in low protein activity and expression) and mutations that disrupt protein 

activity through other mechanisms (resulting in low activity but normal expression), it may be 

necessary to consider readouts from both expression and activity assays. Modern experimental 

designs now allow high-throughput measurements of multiple phenotypes over the same set of 

mutations [60], opening the door to modeling variant effects as an inherently high-dimensional 

phenomenon. Unfortunately such rich datasets are still rare. There is a pressing need for more 

molecular data that goes beyond one-dimensional loss-of-function effects.   

3.2. Predicting regulatory effects 

Our main focus so far has been coding variants that affect phenotypes through changes to 

protein sequences. But the vast majority of variants in the human genome are in non-coding regions. 

Collectively, non-coding genetic variation accounts for most of the heritability for common diseases. 

Non-coding variants primarily affect gene regulation, namely how genes are expressed across 

different cells and biological contexts. Interpreting these complex effects is more challenging than 

analyzing protein sequence changes [61], and computational tools are generally less reliable in this 

context [62]. Nonetheless, recent progress gives reason for optimism. 

Splicing: One major way in which variants influence gene regulation is by altering splicing.  

Several methods have been developed to predict splicing activity directly from DNA sequences. 

SpliceAI, for example, predicts the probabilities of each nucleotide in the input sequence acting as a 

splice acceptor, splice donor or neither [30]. By comparing these predictions between wildtype and 

mutated sequences, the model can identify splice mutations. Predicted probabilities from SpliceAI 

are also used as features by other methods (e.g., CADD) to determine whether intronic variants are 

pathogenic [10]. Recently, DeepMind’s AlphaGenome model was reported to provide improved 

predictions of splice variant effects compared to SpliceAI and other models [24]. 

Gene-expression phenotypes: Most non-coding variants are thought to affect phenotypes by 

modulating gene expression. Gene expression changes can in turn be mediated by chromatin 

modifications such as DNA methylation or histone modifications. Accordingly, many AI models, 

including DeepSEA [26], ExPecto [28] and Enformer [27], have been developed to predict chromatin 

marks from DNA sequences. Commonly predicted chromatin labels include histone modifications, 

transcription factor binding, and chromatin accessibility across cell types (catalogued by the 

ENCODE project) [63]. 

A common strategy, employed by ExPecto and Enformer, is to pretrain a model to predict 

chromatin labels and then fine-tune it to predict gene expression (e.g., over GTEx [64]). However, 

because these models are trained on wildtype sequences from the reference genome, they are 

primarily useful for predicting baseline (population-average) gene expression, and generally fail to 

capture individual-level differences driven by genetic variation [25,63]. 

A few recent models have taken different approaches. Rather than predicting normalized 

transcript counts, the Borzoi model directly predicts RNA sequencing coverage across the genome 

[65]. This allowed unified modeling of multiple layers of gene regulation, including splicing, and 

marginally improved variant effect prediction. Building and expending on this approach, 

AlphaGenome was trained as a large-scale foundation model to simultaneously predict 5,930 human 

and 1,128 mouse genomic annotations across 11 modalities, including gene expression, splicing, 
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chromatin states, and chromatin contact maps [24]. It was reported to moderately improve over 

Borzoi in predicting the effect sizes and inferred causality of genetic associations with gene 

expression changes (eQTLs). Unfortunately, AlphaGenome is not yet available as an open-source 

model and there are no plans to release its training code. Other models, such as PrediXcan [29], are 

directly trained to predict individual-level gene expression from genotyped variants, but are limited 

to variants present in the training data (e.g., GTEx). 

Importantly, the majority of benchmarks for genetic effects on gene expression are based on 

association studies. To make progress on models that predict causal genetic effects, we need data that 

includes not only natural genetic variation but also synthetic perturbations (e.g., from massively 

parallel reporter assays and Perturb-Seq) [63]. Such experimental data remains limited, and the data 

we do have is insufficiently utilized by existing benchmarks. Another open challenge is modeling 

long-distance genomic interactions. Enformer, for example, has a context size of 100K nt, which in 

principle should allow it to capture many distal enhancers, but it has been shown to mostly focus on 

nearby promoters while largely ignoring more distant dependencies [66]. Another dimension that is 

not fully accounted for is cell-type differences [67]. Existing models are trained over a predefined set 

of cell types, but this approach cannot account for the full repertoire of cells in the body. On top of 

that, gene expression and chromatin states, like most phenotypes, are influenced by non-genetic 

factors that should be accounted for. 

Non-coding genes: A handful of computational tools have been designed for predicting the 

consequences of genetic variation affecting non-coding genes (defined as genes that produce 

functional RNA but are not coding for proteins). These include models for variants affecting 

microRNAs [68] and their 3’ untranslated region targets [69], mitochondrial tRNA genes [70], and 

RNA base-pairing (secondary structure) disruptions [71]. Despite these efforts, genetic changes in 

non-coding genes remains an underexplored area of genomic AI. Likewise, there are very few 

annotated variant effects (e.g., in ClinVar [35]) in non-coding genes. 

Pathogenicity of non-coding mutations: Several pathogenicity prediction models are applicable 

to non-coding variants. CADD, first released in 2019 [11] and last updated in 2024 [12], predicts 

variant pathogenicity based on dozens of coding and non-coding genomic annotations, including 

outputs from underlying AI models (e.g., SpliceAI). Other methods, including DANN [72], 

FATHMM-MKL [16] and FATHMM-XF [15], implement similar strategies. While these tools can in 

principle score any variant, their performance is strongest in well-characterized parts of the genome 

that have extensive features (e.g., coding and intronic regions) and likely much worse in poorly 

understood areas (e.g., lncRNA genes). A more unbiased approach is taken by PhyloP which, similar 

to SIFT, uses a phylogenetic model to compare observed mutation frequencies to a baseline model of 

neutral evolution [19]. However, PhyloP reflects only whether a given genomic site is conserved, 

without accounting for the specific base changes introduced by a particular variant. 

Evaluation of variant pathogenicity prediction relies on clinical databases such as ClinVar [35]. 

Some types of variants, such as those in splice sites or untranslated regions of messenger RNAs, are 

sufficiently common to allow reliable estimates of model accuracy. Others, including variants in 

promoters or distant regulatory elements, are exceedingly rare in clinical databases, making it 

difficult to draw conclusions about model performance in these genomic regions. 

4. Universal Genomic Models 

There is an overall trend in AI towards increasing generality, where more general models often 

come to outperform specialized ones over time. We should expect a similar trend in genetics. A single 

general model could potentially handle all types of genetic effects, avoiding the need to design a 

separate algorithm for each case. Moreover, because our understanding of the genome is incomplete, 

we often do not know which genomic features are relevant or what should even be predicted. By 

taking a more general approach, we can train models that discover the rules of genomics on their 

own, sidestepping these uncertainties. 
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DNA sequences, like proteins, are natural targets for language modeling. Whereas protein 

language models are trained to predict protein sequences (Figure 3A) and thereby implicitly learn 

the evolutionary forces shaping protein structure and function (Figure 3B), DNA language models 

do the same at the DNA level. By predicting the repertoire of DNA sequences found across species, 

they implicitly learn about the forces that shape genomes, including natural selection and the diverse 

functions encoded within them. Training directly on DNA sequences allows the development of 

general-purpose foundation models that learn about the genome without being tied to any particular 

task [7]. DNA language models are, in principle, applicable to all genomic regions and can take into 

account all potential effects of a variant without resorting to hard-coded rules. This can be important, 

for example, for variants with unexpected effects (e.g., a coding variant that also affects splicing or 

gene expression). 

While the concept of DNA language modeling appears promising, early implementations 

showed mixed results. One preprint even reported that many DNA language models perform just as 

well when initialized with random weights before fine-tuning on specific tasks, suggesting that DNA 

language modeling itself does not contribute much to the performance of these specific models [73]. 

A more recent DNA language model called Evo2 appears to be a significant leap forward, 

demonstrating clear and useful applications [7]. In particular, Evo2 shows close to state-of-the-art 

accuracy at variant effect prediction with respect to deep mutational scans and variant pathogenicity. 

For coding variants, Evo2 is approaching the performance of protein language models, and it appears 

to also perform well on non-coding variants [47].  

Another recent model called GPN-MSA shows even better accuracy and robustness at variant 

effect prediction across both coding and non-coding regions [17,47]. While the basic idea resembles 

DNA language modeling, GPN-MSA is dependent on multiple sequence alignment (MSA) inputs, 

where a target human sequence is interpreted alongside homologous sequences from other species. 

This approach is beneficial for overall prediction accuracy, but limits the model to naturally occurring 

sequences with good MSA coverage. A similar model called PhyloGPN used MSA only during 

training, thereby allowing the model to make predictions from a single input sequence [18], but at 

the cost of reduced accuracy [47]. 

Overall, our ability to predict the damaging effect of every possible variant in the human genome 

has greatly improved, but this has mostly been demonstrated in the context of Mendelian monogenic 

diseases. More work is needed to expand the applicability of genomic AI to other contexts and types 

of genetic effects. It might also be beneficial to allow models to learn from human genetic variation 

(e.g., allele frequencies) in addition to wildtype sequences across different species [74].  

An important unresolved question for genome modeling is when genomes can be treated as self-

contained: what can be inferred from DNA sequence alone, and when do we need other types of 

data? Some problems can only be posed with respect to multiple modalities. For example, predicting 

DNA-protein binding requires training on both DNA and protein sequences. Very recent studies 

have begun to explore multimodal genomic foundation models, such as language models trained 

jointly on nucleotide and amino-acid sequences [75], but their practical value remains to be seen. A 

key challenge is how to design training objectives that require foundation models to learn general 

relationships between modalities that remain useful across tasks. For example, training a foundation 

model that takes DNA-protein pairs requires specifying which DNA and protein sequences to pair, 

which is not straightforward because proteins and DNA can interact in many different ways. 

5. Informing Genetic Association Studies with Genomic Predictions 

Much of our focus so far has been on variant pathogenicity as a generic phenotype, putting aside 

the question of which specific disease we are talking about. Of course, a big part of human genetics 

is identifying which genetic elements affect which specific traits. AI is useful for these efforts as well.   

Genome-wide association studies (GWAS) provide a data-driven approach to identify variants 

associated with a given trait. However, complex correlations – both among genetic variants and 

between genetic and environmental factors – make it extremely challenging to distinguish causal 
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from non-causal genetic associations [76]. Purely statistical methods also lack the power to implicate 

variants that are not sufficiently common in the population. Genomic AI can address these challenges 

by providing complementary evidence about the likelihood of variants and genes being causal based 

on their genomic context. 

Fine-mapping GWAS variants: Given that most GWAS associations are not causal, substantial 

efforts have been dedicated to developing methods for identifying the causal variants underlying 

genetic associations, a process known as fine-mapping. Most fine-mapping approaches remain 

purely statistical, while sometimes incorporating genomic annotations [77]. A few studies have 

attempted to use variant effect predictions as priors to obtain smaller credible sets of variants with 

high likelihood of containing the causal variants [78]. The rationale is that predictions based on the 

genomic sequence indicate whether a variant affects DNA patterns linked to gene regulation. Such 

predictions place the purely statistical GWAS associations in a genomic context and help identify 

variants that are more likely to be causal. Many of the AI models for predicting the chromatin and 

gene-expression effects of non-coding variants, including DeepSEA, ExPecto, Enformer and 

PrediXcan, were originally developed for the purpose of determining which GWAS variants are more 

likely to be causal. Unfortunately, these models have a limited capacity to capture gene-expression 

differences between individuals [25,63], limiting their utility for fine-mapping. 

Other models, including GWAVA [32] and cV2F [31], were explicitly trained to predict whether 

GWAS variants are causal. However, independent evaluations and comparisons of fine-mapping 

algorithms have largely focused on the purely statistical approaches while neglecting the ML-based 

methods. These efforts also suffer from a data limitation problem, as ground-truth causal variants are 

not easy to come by. 

Gene-level approaches: Some methods have shifted focus from variants to genes. Since each 

causal gene likely involves multiple causal variants, it is statistically easier to implicate them. For 

example, a model named FLAMES was trained to predict the most likely causal gene at a GWAS-

significant region by integrating gene features (e.g., gene expression and gene ontology) and variant-

to-gene features (e.g., eQTLs and chromatin interactions) [33]. However, because very few ground-

truth causal genes are known, gene prioritization models are often trained on proxies for causality. 

FLAMES, for example, used genes with a significant burden of loss-of-function mutations in disease 

carriers as proxy causal genes. 

Some burden tests leverage variant effect predictions to discover gene-trait associations directly. 

By using genomic predictions as priors, these methods benefit from increased sensitivity to genetic 

effects that can be detected by AI models (Figure 4). However, this comes at the cost of bias toward 

the type of effects that the genomic AI is capable of detecting. Transcriptome-wide association study 

(TWAS) [79] and PrediXcan [29] train models to impute gene expression from genotypes, and then 

apply the trained models to identify genes whose predicted gene expression correlates with a 

phenotype. Similarly, proteome-wide association study (PWAS) uses a variant pathogenicity 

prediction model to identify proteins whose predicted functional damage due to coding mutations is 

correlated with a phenotype [80,81]. 

Using the right genomic priors: Many of the mentioned methods use variant effect predictions 

as priors for how likely variants are to be causal. While this seems like a natural strategy, it is 

important to recognize that existing variant effect predictions are typically optimized for variants 

linked to Mendelian diseases. Some studies suggest that these predictions do not generalize well to 

complex (i.e., non-Mendelian) traits [82,83]. More general models that are not specifically trained on 

labels from Mendelian diseases (e.g., DNA language models) could prove more appropriate in that 

context, but further research is needed. 
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Figure 4. Informing genetic associations with genomic predictions. Whereas standard burden tests only 

consider the frequencies of variants in cases and controls (and predefined genomic annotations), methods 

informed by machine-learning predictions can test whether variants in cases and controls show different 

predicted effects (e.g., on gene expression or protein function). 

6. Disease Risk Estimation 

Looking at an individual’s genome and accurately estimating their chances of encountering 

different medical conditions has long been a holy grail in human genetics. Predicting an outcome 

(disease) as a function of observed variables (genetics) is a typical machine-learning task. Some direct-

to-consumer genetic testing services like 23andMe offer such disease risk reports. When considering 

common diseases such as cancer, cardiovascular, neurodegenerative and psychiatric conditions, 

these estimates are typically based on polygenic scores which combine the estimated effects of all 

variants present in an individual's genome into an overall risk score [84]. 

Contrary to the trend in other domains of ML, polygenic scores are still dominated by simple 

linear models [76,84]. Attempts to account for nonlinearities between variants have so far failed to 

provide significant improvements in phenotype predictions. A mixture of empirical [85] and 

theoretical [86,87] justifications have been articulated to argue that, statistically speaking, the variance 

of most traits can be explained by an additive model of variant effects. But others do not see it as a 

settled case and advocate for more exploration of nonlinear genetic models [76,88–91]. 

Another notable departure from modern AI trends is that most polygenic scores are purely 

statistical, treating variants as random variables we have no prior knowledge about. That is likely 

suboptimal. Some methods have tried supplementing variants with predefined genomic annotations, 

but the models are still left to learn from scratch how these annotations relate to the target phenotype 

[92]. Experience from other domains of AI suggests that training on additional tasks beyond just the 

target phenotype would be beneficial. For example, fine-tuning genomic foundation models to 

predict disease risk would take advantage of strong genomic priors while also allowing nonlinear 

modeling. One study used PrimateAI-3D [21] to quantify the contributions of rare variants to disease 

risk. They found that while common variants explain more phenotypic variance overall, rare-variant 

polygenic scores had more power at the ends of the distribution to identify individuals at the greatest 

risk for disease. This suggests that rare-variant polygenic scores may be more relevant for population 

genetic screening and risk management [93]. Another underutilized source of information that could 

be integrated into polygenic scores is clinical markers and other non-genetic factors, as most common 

diseases are strongly influenced by an individual’s lifestyle and history of environmental exposures 

[94–96]. 

After several years of developing and studying polygenic scores, we are finally starting to see 

strong evidence for their clinical utility, particularly for identifying high-risk individuals who may 

benefit from additional medical screenings [96–98]. But the medical community is still reluctant to 

fully implement these genetic scores. For example, the American College of Medical Genetics and 
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Genomics (ACMG) does not yet recommend widespread use of polygenic scores [99]. One of the 

main barriers to adoption is the limited robustness of polygenic scores when applied over genetic 

cohorts different from the ones they were originally trained on [76]. In particular, individuals of non-

European ancestry tend to receive much poorer predictions due to their underrepresentation in 

genetic studies [99,100].   

7. Challenges for Real-World Impact 

Let us conclude with a brief overview of challenges that will be critical in the coming years to 

unlock the full potential of AI in human genetics. 

Benchmarks make the AI world go around: It is difficult to exaggerate the role that well-

designed datasets play in driving AI progress. As the AlphaFold team noted: “We’re indebted to [...] 

the whole community, not least the experimentalists whose structures enable this kind of rigorous 

assessment” [1]. AI researchers tend to be opportunistic and go after problems where high-quality 

data and benchmarks are available. This largely explains why databases such as ClinVar [35] and the 

Protein Data Bank (PDB) [54] have produced some of the most capable genomic AI. In other areas we 

are still lacking sufficiently challenging benchmarks that reliably track important open problems. 

Without such benchmarks, AI developers may be misled into believing that they are making progress 

[73]. 

Foundation models in particular, precisely because they can be applied to so many different 

tasks, need to be critically evaluated on important problems and compared to strong baselines. The 

importance of strong baselines was recently exemplified by the finding that many sophisticated 

models for predicting the functional effects of mutations were outperformed by a simple linear model 

[59].   

Beware of homology: The exceptional predictive power of homologous sequences sharing an 

evolutionary origin with the target sequence is one of the most reliable guiding principles in 

computational genomics [14,17,39]. Simple homology-based methods such as SIFT [23] and phyloP 

[19] remain competitive even more than 15-25 years after their development [7]. It is safe to say that 

including homology information will make almost any model perform better on benchmarks. 

However, relying on homology too much can prevent models from generalizing. Dependence on 

homology is especially dangerous in the context of synthetic or mutated sequences that deviate from 

naturally-occurring or wildtype sequences. Since different variations of the same gene share the same 

homologues, a homology-based approach may not distinguish between them. AlphaFold, for 

example, performs poorly on mutated sequences, in part due to its dependence on multiple sequence 

alignment inputs [4]. Dependence on homology can also preclude genomic targets without a 

sufficient number of close homologues [13,14]. 

Interpretability matters: One of the greatest barriers to widespread use of AI in genetics is the 

“black box” nature of many models, especially frontier deep-learning models with billions of 

inscrutable parameters. In the context of clinical genetics, most clinicians would be reluctant to 

diagnose a patient based on predictions from an inscrutable deep-learning model. Genetic discovery 

too would progress much faster if we had more clarity about what patterns the models pick up on. 

Thankfully, the mechanistic interpretability field of AI has progressed a lot over the past few 

years. For example, a few recent works have extracted human-interpretable features and explained 

parts of the computation of frontier large language models using sparse autoencoders, which 

decompose trained models into sparse features [101,102]. This approach is entirely unsupervised, 

relying on the assumption that sparse features, where only a few features are active for each data 

point, are more likely to be interpretable. Some of these techniques have been applied to genomic 

models. For example, sparse features extracted from Evo2 were found to match recognizable genomic 

elements such as exons and introns [7]. Another line of work explores inherently interpretable model 

designs, for example to discover RNA motifs that affect splicing [103]. 

That said, interpreting AI is fundamentally challenging. Models often find creative ways to 

process information, which can be quite different from what their designers intended (e.g., taking 
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advantage of unintended correlations in the data [104]). For example, most language models contain 

self-attention layers designed to model the extent to which each element in the sequence depends on 

each other element. It used to be fashionable to try to interpret these numbers, but growing evidence 

suggests that they do not provide meaningful explanations for predictions [105]. Despite the 

enormous challenge, understanding the complex logic trained into deep-learning models is one of 

the most important problems to work on. 

We need more clinical implementation work: Once a model has been developed and 

benchmarked, it is tempting to consider the work complete. But if the goal is to benefit real patients, 

then the hardest part has not even begun. For instance, it is one thing to show that a polygenic score 

has some predictive power for disease risk, and another thing entirely to establish how it can 

meaningfully improve clinical decision making. Variant pathogenicity scores, too, need to be 

calibrated according to guidelines before they can be applied for variant classification in clinical 

settings [48,49,51]. These efforts require knowledge of both machine learning and clinical guidelines, 

which is not a common intersection of skills. 

Academic funding is ill-suited for serious AI work: Judging by where AI investments are 

going, one might conclude that our society values cat videos more than life-saving biomedical 

breakthroughs. Frontier genomic models remain orders-of-magnitude smaller than their text and 

image counterparts [106], and academia is struggling to keep up with for-profit AI companies [7,42]. 

Meanwhile, models that do come out of academic labs rarely meet basic infrastructure standards, 

largely due to limited engineering talent. Unfortunately, it is exceedingly difficult to convince 

funding agencies that such talent is required and needs to be paid competitive salaries. This funding 

gap could in principle be met if government and philanthropic funders better appreciated the 

importance of state-of-the-art hardware and skilled engineers for AI progress. 

Biosecurity needs to be taken seriously: As genomic AI becomes more powerful, it also 

becomes more dangerous in the hands of bad actors. As a recent policy article put it, “the same 

biological model able to design a benign viral vector to deliver gene therapy could be used to design 

a more pathogenic virus capable of evading vaccine-induced immunity” [107]. While it is not realistic 

to expect model developers to be fully responsible for every possible abuse of their work, researchers 

should exercise caution and foresight to help mitigate such risks. For example, it might be a good 

idea to exclude eukaryote-infecting viruses from the training of public foundation models [7], 

although this alone is likely insufficient [107].  
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