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The genetic architecture of psychiatric disorders is highly subjective symptomatology [1]. This approach elucidates

complex, with genome-wide association studies implicating
thousands of risk loci. A central challenge is that most of these
variants are located in noncoding regions, making it difficult to
elucidate their regulatory consequences within the brain’s
intricate cellular landscape. The recent convergence of
advanced artificial intelligence, particularly deep learning (DL),
has catalyzed a paradigm shift by providing powerful tools to
address this gap. This review traces the evolution of DL in
genomics, beginning with task-specific models. We then
examine the transformative impact of foundation models,
pretrained neural networks that learn the ‘language’ of biology,
including genomic language models, single-cell foundation
models, and large language models originally trained on natural
language. Finally, we survey applications to key problems in
psychiatric genomics. We hope this review provides a
comprehensive overview of recent advances in DL for
genomics and serves as a bridge to help researchers in
psychiatric genomics more effectively understand and apply
these frontier methods to guide the development of novel
therapeutic strategies for psychiatric disorders.
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Introduction

Genomics has emerged as a transformative modality in
psychiatric research, imparting an objective biological
framework for disorders historically characterized by

the molecular etiology of disease by pinpointing genetic
risk variants and the functional pathways they impair,
thereby revealing novel therapeutic targets [2]. A key
advantage lies in genomics’ capacity to quantify disease
susceptibility during the pre-symptomatic phase, ave-
nues for preemptive intervention, and primary preven-
tion [3]. Concurrently, rapid technological innovations,
coupled with consortium-based initiatives promoting
open data sharing, have catalyzed an exponential ex-
pansion of large-scale, multi-omic datasets [4]. This
burgeoning resource provides an unprecedented foun-
dation for deconvoluting the pronounced cellular and
phenotypic heterogeneity inherent to psychiatric dis-
orders. Motivated by these developments, we herein
present a systematic evaluation of the burgeoning role of
artificial intelligence (Al) in advancing this field.

Genomic research has progressively mapped the genetic
architecture of human disease, enabling clinical transla-
tions from targeted oncology to early diagnostics [5].
While large-scale biobanks now leverage these insights
for predictive medicine, the past decade has witnessed a
particular renaissance in psychiatric genomics, driven by
collaborative consortia and advanced analytical tools
[6-8]. These efforts reveal that the field’s complex and
context-dependent central challenges, including a highly
polygenic architecture, significant phenotypic hetero-
geneity, the inaccessibility of brain tissue, and pervasive
gene—environment interactions [9]. Consequently, the
application of Al to this domain remains a formidable yet
essential frontier for unraveling the biological under-
pinnings of psychiatric illness.

The profound complexity of psychiatric genomics ren-
ders advanced computational approaches, particularly
Al and deep learning (DL) [10], indispensable for de-
ciphering high-dimensional data. These methods excel
at identifying subtle, non-additive patterns, such as
epistasis and gene—environment interactions, that elude
conventional statistics. [11] Accordingly, this review
synthesizes recent DL advancements tailored for
genomic data and their application to psychiatric dis-
orders. We survey task-specific architectures before ex-
amining foundation models, which use pretraining to
capture fundamental biological ‘language’ from vast
molecular datasets. Finally, we highlight how these tools
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Conceptual framework of the review.

are being deployed to unravel psychiatric disease me-
chanisms, outlining a path from computational innova-
tion to therapeutic insight. Figure 1 summarizes the key
concepts discussed in this review. This overview aims to
bridge disciplines, equipping researchers with the con-
ceptual framework needed to harness these powerful
methods.

Deep learning methods for fundamental
genomics

This section reviews DL approaches for genomics,
spanning task-specific neural architectures to foundation
models pretrained via self-supervised learning. Key
methods discussed are summarized in T'able 1.

Task-specific deep learning methods on genomics

DL enables flexible model design and learns task-relevant
representations directly from data, reducing reliance
on manual feature engineering. Standard architectures,

Table 1

including convolutional neural networks (CNNs) [12],
Recurrent neural networks [13], Transformers [14], and
their recent wvariants [15,16], offer complementary
strengths, and selecting or combining them based on task
demands and computational constraints typically leads to
improved performance.

A primary application of task-specific DL. methods in
psychiatric genomics is interpreting noncoding variation
through models that predict how sequence alterations
disrupt the cis-regulatory code. Several architectures
exemplify this approach: DeepSEA [17], for instance,
employs a CNN to forecast chromatin effects, while
ChromBPNet [18] explicitly deconvolves technical
biases to model base-resolution accessibility. Further
advancing this capability, the Borzoi model [19] utilizes
a hybrid Transformer—CNN architecture to directly
predict tissue-specific RNA-seq coverage from sequence
alone. Expanding beyond these core tasks, subsequent

Summary of DL methods discussed in this review.

Section Method Architecture Input Output

2.1 DeepSEA CNN DNA sequences Chromatin effects of noncoding variants

2.1 Enformer Transformer Long-range DNA sequences Gene expression

2.1 Sei CNN DNA sequences Chromatin regulatory activity

2.1 PromoterAl Transformer variant Promoter DNA sequences Expression-altering effects of variants

2.1 Borzoi Transformer + CNN DNA sequences RNA-seq coverage and splicing events

2.1 ChromBPNet CNN DNA sequences Base-resolution chromatin accessibility

2.1 AlphaGenome Transformer + CNN DNA sequences Regulatory variant effects

2.21 DNABERT Transformer DNA k-mers Multi-species genome embeddings

2.21 GENA-LM Transformer Long genomic sequences Genome embeddings for downstream tasks

2.21 Nucleotide Transformer Transformer DNA sequence (diverse genomes) Versatile DNA sequence prediction

2.21 HyenaDNA Hyena Ultralong genomic sequences Single-nucleotide resolution modeling

2.21 Caduceus Mamba Long genomic sequences Bi-directional, reverse-complement
embeddings

2.2.1 Evo StripedHyena DNA sequence (single-nucleotide) Genome generation and prediction

2.21 Cell2Sentence LLM Cells represented as sentences Cell generation and cell type prediction

2.21 GenePT LLM Literature-informed text embeddings Gene functions and interactions

222 Geneformer Transformer Single-cell transcriptomes Gene network dynamics and targets

2.2.2 scGPT Transformer Single-cell multi-omics Cell states and perturbation responses

222 scMulan Transformer Single-cell data Generated transcriptomes and cell identity

222 scFoundation Transformer Single-cell transcriptomes Cell types and drug sensitivities

222 CellFM Transformer Large-scale transcriptomes Cell types and regulatory networks
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models have broadened the predictive scope to en-
compass specific elements such as promoter activity
(PromoterAl) [20], deliver genome-wide functional an-
notations (Sei) [21], and capture long-range en-
hancer—promoter interactions (Enformer) [22]. This
progression culminates in integrated frameworks such as
AlphaGenome [23], which aim to unify diverse func-
tional readouts within a single predictive model. Col-
lectively, these methods have become indispensable
tools for elucidating the molecular mechanisms of a
broad spectrum of human diseases.

Genomics foundation models

In contrast to task-specific models, genomics foundation
models acquire generalizable patterns through self-su-
pervised learning on large, unlabeled datasets. We ex-
amine two foundational approaches: DNA language
models and those based on transcriptomic data.

Genomics language models and their applications in
genomics

In recent years, inspired by the remarkable success of
large language models (LLLMs), researchers have sought
to explore similar advances in modeling DNA se-
quences. To enable self-supervised pretraining on
genomic data, two pretraining objectives originally pro-
posed in the natural language processing community
have been adopted: masked token prediction (M'TP)
and next token prediction (NTP). An illustration of
these objectives is shown in Figure 2. A representative
series of models, including DNABERT [24,25] and
GENA-LM [26], adopt the MTP objective with trans-
former-based architectures. The most recent version,
DNABERT-2 [25], employs byte-pair encoding for
DNA sequence tokenization and is pretrained on 32.49
billion base pairs, spanning both the human genome and
genomes from 135 additional species. The Nucleotide

Figure 2
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Transformer [27] is another genomics language model
leveraging the M'TP objective, scaling up to 2.5 billion
parameters.

Although transformers are highly effective, their quad-
ratic computational complexity limits the context length
for DNA sequences, making single-base-resolution
modeling inefficient. To overcome this, several geno-
mics language models based on linear attention me-
chanisms have been proposed. Key examples include
HyenaDNA [15], Caduceus [28], and Evo [29,30].
HyenaDNA and Evo use the Hyena [15] and Stri-
pedHyena architectures [29], respectively, trained with
the N'TP objective, while Caduceus is based on the
Mamba architecture [16] and employs MTP. All three
models were pretrained on the human genome.

LLMs such as ChatGPT [31] have demonstrated strong
capabilities across a wide range of human tasks, moti-
vating researchers to investigate whether these models
can also be applied to genomics. A key advantage of
using existing LILMs is that they are typically pretrained
on large-scale text corpora, including scientific literature,
which provides them with latent knowledge of blOlOglCdl
concepts. This raises the possibility that they can in-
terpret genomic data without additional fine-tuning or
pretraining on domain-specific datasets. For example,
Hou and Ji [32] demonstrated that GP'T-4 can produce
accurate cell-type annotations. GeneP'T" [33] further il-
lustrates this idea by prompting LLI.LMs with gene de-
scriptions to generate informative gene embeddings that
can then support downstream analyses such as cell-type
annotation and batch-effect correction. Similarly, Cell2-
Sentence [34] reformulates downstream genomics tasks
into a question-answering framework, enabling LLLMs to
be fine-tuned for improved performance on genomics-
related queries.
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Summary of pretraining strategies for foundation models across different input data types. (a) MTP is applied to DNA sequences or gene expression
data, depending on the type of foundation model. (b) NTP is applied to DNA sequences or gene names.
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Transcriptomic foundation models and their applications in
genomics

In addition to gl.Ms, researchers have also developed
foundation models for other genomic modalities, with
single-cell RNA-seq data serving as a prominent ex-
ample. Similar to DNA sequence foundation models,
these approaches pretrain models on large-scale single-
cell RNA-seq datasets, such as the Human Cell Atlas
[35]. Representative works include Geneformer [36],
scGPT [37], scMulan [38], scFoundation [39], and
CellFM [40]. These models generally adopt MTP as
their pretraining objective and employ various strategies
to capture gene—gene interactions from the unordered
gene expression vector of each cell. Evidence suggests
that such cell-level foundation models are effective in
tasks such as cell-type annotation and batch-effect cor-
rection. [37,40].

Constructing a pipeline to understand
psychiatric genomics with artificial
intelligence

The growing arsenal of genomic Al tools is being applied
to tackle psychiatric diseases, aiming to improve diag-
nosis, treatment, and prevention through a genetic lens.
It is important to note that while the DL approaches
discussed herein demonstrate significant potential, they
represent frontier research and currently remain at the

Table 2

proof-of-concept stage. A summary of the applications is
presented in Table 2.

Psychiatric disease diagnosis using artificial intelligence
Disease diagnosis seeks to anticipate disease before
symptom onset by integrating genetic and biological
context. Psychiatric disorders are highly polygenic and
heterogeneous, making single-nucleotide polymorphism
(SNP)-based modeling alone insufficient. Sequence-in-
formed approaches evaluate variant effects by sub-
stituting reference with alternative alleles in the native
sequence context, yielding importance scores that cap-
ture long-range regulatory influences on enhancers,
promoters, and gene expression, offering a more biolo-
gically nuanced view than conventional polygenic risk
scores [19].

A central application of these sequence-based models,
such as DeepSEA [17], ChromBPNet [18], and En-
former [22], 1s functional fine-mapping. GWAS identify
disease-associated loci, but linkage disequilibrium often
leaves hundreds of correlated variants per region, only a
small fraction of which are truly causal [54]. By pre-
dicting the functional impact of each variant, sequence
models can prioritize those most likely to be causal,
guiding experimental follow-up.

Summary of Al methods and applications in psychiatric genomics.

Category Methods and models

Key applications and functions

Psychiatric disease diagnosis
using Al

DeepSEA [17], ChromBPNet [18],
Enformer [22]

Transformer-based DNAmM model [41]

Multimodal Frameworks [7,42]

Clinical Integration Models [43,44]

Understanding disease
mechanisms via Al

GenePT [33], Cell2Sentence [34]

Geneformer [36], scGPT [37]

Explainable Sequence Models [45,46]

L2G, PoPS, FLAMES [47,48]

LINGER [49], GEARS [50], SIGNET [51]

DeepBipolar [52]

Boosting psychiatric treatment
with Al

SNP-plus-MRI models [53]

Sequence-aware embedding models

Combinatorial Pharmacogenomics

Sequence-based modeling to prioritize causal noncoding variants
and perform functional fine-mapping (e.g. in ASD).

Predicting DNAm levels at CpG sites from DNA sequence to map
regulatory variants.

Integrating scQTL, bulk eQTL, and GRNs to link genotypes to
phenotypes and refine risk estimates.

Incorporating EHR, clinical variables, and wearable data for
comprehensive risk profiling.

LLM-based approaches for cell-type annotation and natural
language-conditioned cell generation.

Single-cell foundation models for learning gene/cell
representations and batch-effect correction.

Integrating sequence with epigenomic maps (ATAC-seq, 3D
contacts) to identify brain-specific regulatory elements.
Integrative frameworks combining fine-mapping and multi-omics
to prioritize disease candidate genes.

Inference of GRNs and prediction of multigene perturbation
outcomes.

Linking mutations to bipolar disorder phenotypes for hypothesis
generation.

Predicting early antidepressant response with high accuracy by
combining genomics and neuroimaging.

Generating variant/gene embeddings to improve patient
stratification and drug selection.

Outperforming single-gene tests for SSRI exposure prediction
using multimodal data integration.

Abbreviations: EHR, electronic health record; FLAMES, fine-mapped locus assessment model of effector genes; GEARS, graph-enhanced gene
activation and repression simulator; L2G, locus-to-gene; LINGER, lifelong neural network for gene regulation; PoPS, polygenic priority score;
SIGNET, statistical inference on gene regulatory networks; SSRI, selective serotonin reuptake inhibitor.
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Autism spectrum disorder (ASD) provides a clear ex-
ample of this pipeline. Zhou and Troyanskaya [17] first
demonstrated that DL-derived variant-effect scores can
prioritize noncoding mutations by their predicted reg-
ulatory disruption. Building on this, Zhou et al. [55]
applied a whole-genome framework to 1790 ASD sim-
plex families and showed that probands harbor de 7ovo
noncoding mutations with higher predicted functional
impact than siblings, converging on neuronal genes and
neurodevelopmental pathways. Reporter assays further
confirmed allele-specific regulatory activity, supporting
causal relevance. These findings illustrate how se-
quence-to-function predictors (e.g. DeepSEA, En-
former, and ChromBPNet) can rank variants within ASD
loct and nominate candidate mechanisms for validation.

Beyond sequence-to-expression  prediction, related
models extend to epigenetic regulation. For example,
DNA methylation (DNAm), a process essential for brain
development and implicated in disorders such as schi-
zophrenia [56,57], can be predicted using a transformer-
based model that processes 2 kb DNA windows to esti-
mate DNAm levels at CpG sites [41]. This approach
enables fine-mapping of regulatory variants affecting
DNAm in specific brain cell types, further advancing
mechanistic insight into psychiatric disorders.

Multimodal strategies further refine risk estimates by
adding transcriptomic or proteomic profiles to genomic
features, including work on depression chronicity
[58,42]. Emani et al. [7] links genotype to phenotype by
integrating scQTL and bulk eQTL sites, cell type-spe-
cific and bulk gene regulatory networks (GRNs), cell
fractions, cell-cell communication networks, coexpres-
sion modules, and sample covariates, thereby anchoring
risk to regulatory circuitry and tissue composition. Ad-
ditional frameworks incorporate clectronic health re-
cords, clinical variables, and wearable-derived behavior
to capture environment and disease course [43,44].
Taken together, DL that respects regulatory biology,
coupled with multi-omics and clinical context, promises
more accurate and clinically interpretable risk estimates.

Understanding disease mechanisms via artificial
intelligence

Understanding disease mechanisms proceeds by anchoring
genetic risk in a high-resolution brain cell atlas, mapping
noncoding variants to cell type-specific regulatory elements
using sequence, single-cell, and 3D genome context with
experimental validation, and linking elements to target
genes and programs through integrative prioritization and
network inference, yielding pathways that shape neural
circuits and highlighting therapeutic targets.

Building a cell atlas for psychiatric diseases
A cell-resolved brain atlas provides the cell-, region-, and
stage-specific context in which genetic risk manifests in

Deep Learning for Psychiatric Genomics Liu et al. 5

psychiatric disease [59]. As single-cell resources expand
(e.g. PsychENCODE) [6,7], consistent annotation and
cross-study harmonization become essential; single-cell
‘foundation’ models trained on large atlases now support
automated labeling and integration.

Early strategies repurposed language models for anno-
tation: GenePT prompts ChatGPT with curated gene
descriptions to build gene embeddings aggregated into
cell profiles [33], while Cell2Sentence reformulates top-
expressed gene lists as sentence-like inputs and, after
instruction tuning, enables cell-type annotation and
natural-language-conditioned cell generation [34]. Pur-
pose-built models (Geneformer, scGPT') learn gene/cell
representations from large compendia, improving anno-
tation and mitigating batch effects [36,37]. For psy-
chiatry, atlases emphasizing neuronal and glial lineages,
regional specificity, developmental trajectories, and dis-
ease-altered states, with cross-cohort validation and in-
terpretable outputs, form the scaffold for mechanism-
focused analyses.

Discovering disease-causing molecular variations

Most psychiatric risk variants are noncoding and act
through cis-regulatory elements that control gene ex-
pression in brain cell types, such as enhancers, pro-
moters, silencers, and insulators. Al integrates native
sequence with epigenomic maps (ATAC-seq, ChIP/
CUT&Tag, DNAm) and 3D genome contacts to iden-
tify brain-specific regulatory elements and assign target
genes; typical workflows curate multi-omic datasets,
derive motif/accessibility and enhancer—promoter fea-
tures, and train validated, explainable models [45,46,60].

Applications increasingly focus on neurodevelopmental
and glial contexts, quantifying variant effects on tran-
scription factor binding and chromatin state. In single-
cell analyses, scRNA-seq and scATAC-seq reconstruct
regulatory programs and link distal elements to expres-
sion, while 3D contacts refine enhancer-gene maps.
silico predictions are paired with clustered regularly in-
terspaced short palindromic repeatsi/a and massively
parallel reporter assays to validate effects and prioritize
variants with plausible neurobiological mechanisms,
enabling pathway- and cell state-level interpretation
[45,46,61].

Deciphering regulatory genes in psychiatric diseases

Building on variant-to-regulatory maps, the goal is to
connect GWAS signals to genes and transcriptional
programs in relevant brain cell types. Summary-data-
based Mendelian Randomization and transcriptome-
wide Mendelian Randomization link expression quan-
titative trait loci to candidate genes but are limited by
linkage disequilibrium and tissue/cell resolution [62,63].
Integrative  frameworks (locus-to-gene, polygenic
priority score, and fine-mapped locus assessment model
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of effector genes) combine fine-mapping, expression
quantitative trait loci, protein quantitative trait loci, and
chromatin features to prioritize genes implicated in
neurodevelopment, synaptic biology, and glial function
[47,6,48,64].

Beyond gene lists, GRN and perturbation-focused ap-
proaches clarify the mechanism. Lifelong neural net-
work for gene regulation infers transcription factor
activity from bulk and single-cell multi-omics [49];
graph-enhanced gene activation and repression simu-
lator predicts outcomes of multigene perturbations and
captures non-additive interactions [50]; dynamic GRN
inference with optimal transport recovers temporal reg-
ulation [65]; and statistical inference on gene regulatory
networks enables transcriptome-wide causal inference
[51]. Disease-focused models link mutations to bipolar
disorder (DeepBipolar) [52] and implicate noncoding
mutations in autism [66], connecting association signals
to regulatory mechanisms and target genes for hypoth-
esis generation and therapeutic discovery.

Boosting psychiatric treatment with artificial
intelligence

Predicting treatment response is central to precision
psychiatry. Al models (neural networks, support vector
machines, and random forests) learn non-linear re-
lationships between SNPs, transcriptomes, and out-
comes, supporting patient stratification, drug selection,
and adverse-effect mitigation [53]. Emerging sequence-
aware models generate variant and gene embeddings
that capture regulatory context and long-range de-
pendencies, improving feature representation and clin-
ical interpretability.

Performance improves when genomics is paired with
polygenic scores, combinatorial pharmacogenomics,
DNAm, neuroimaging endophenotypes, demographics,
and electronic health record data. For early anti-
depressant response, SNP-plus-MRI models exceed
80% accuracy [53], and combinatorial panels outperform
single-gene tests for selective serotonin reuptake in-
hibitor exposure. Although clinical use of large sequence
models is nascent, their ability to encode context-rich
sequences and integrate heterogeneous data promises
more accurate, actionable predictions to personalize care.

Conclusion

In this review, we first examine the latest DL techni-
ques that have recently emerged in the field of geno-
mics. Given this context, we then highlight their
applications in psychiatric genomics, where many re-
search problems have already actively incorporated these
methods, while others are still under development. We
hope this review provides a thorough overview of recent
advances in DL for genomics and serves as a bridge to
help researchers in psychiatric genomics more readily

understand and apply these frontier methods to guide
the development of novel therapeutic strategics for
psychiatric disorders.
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