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Abstract

Over the past decade, the rapid expansion of large-scale data and advances in computational 

power have allowed machine learning, especially deep learning, to reshape many areas of 

biological research. Evolutionary genetics and molecular evolution are also poised for a similar 

transformation. In this review, we discuss key advances and ongoing challenges in applying 

machine learning to the study of genetics and evolution, and we highlight the potential of artificial 

intelligence to connect genotype, phenotype, and evolutionary history.
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Introduction:

Artificial intelligence and evolutionary genetics: from parallel development to new 
intersections

Unlike more traditionally technology-driven disciplines, the development of evolutionary 

genetic theories often precedes the experimental capabilities required to validate them. 

For much of the first half of the twentieth century, evolutionary genetics had already 

developed complex theoretical models and mathematical frameworks that sought to explain 

how genetic variation is shaped by mutation, selection, recombination, and drift [1–

3]. These frameworks preceded the establishment of DNA-based inheritance [4,5] and 
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the emergence of sequence-level or nucleotide-level assessment of homology [6]. The 

sequencing revolution of the 1970s through 1990s [7,8], followed by explosive genomic 

growth in the 2000s [9–11], enabled these models to be tested at scale, as biological science 

started the era of genomic “big data.” Investigations of population-level genomes [12], 

functional genomic datasets [13], and large-scale evolutionary studies [14] have revealed 

both the power and the limitations of traditional statistical and computational approaches. 

Despite these advances, simple modeling alone often cannot accurately explain the complex, 

nonlinear, and high-dimensional processes of evolution, calling for new methods to move the 

field forward.

In parallel, artificial intelligence (AI, see Glossary), which originated in the 1950s with 

early symbolic and rule-based systems [15] but experienced limited progress in application 

for decades [16–19], has undergone a dramatic resurgence since the early 2000s. With the 

explosion of data, advances in computational hardware such as graphical processing units 

(GPUs) [20], and breakthroughs in deep learning algorithms [16,21] such as multi-headed 

attention/transformer models [22,23], AI has rapidly evolved from a theoretical concept 

into a transformative tool across many domains [24,25], including biology [26,27]. From 

predicting protein structures to classifying cell types and modeling regulatory networks, 

AI has uncovered patterns inaccessible to conventional methods. Evolutionary genetics 

and molecular evolution now stand at the verge of similar breakthroughs. Compared to 

genomics studies, addressing questions in evolutionary genetics requires tools that integrate 

across levels of biological organization, from DNA sequences to phenotypes to evolutionary 

histories, and across scales of time and population size.

The study of evolutionary processes has long relied on statistical models that attempt to 

extract signals of history, selection, and demographic history from genetic variation. While 

these methods have provided deep insights, they often struggle with the complexity of 

genomic and population genomic datasets now available. Alternatively, machine learning 

(ML) is uniquely capable of integrating diverse data types to detect increasingly subtle 

patterns (Table 1). ML is broadly defined as computational methods that learn predictive 

patterns from data irrespective of model architecture, including, but not limited to, more 

traditional regression, clustering, and/or kernel-based approaches, as well as newer artificial 

neural network-based models [15,28–30]. After training, the computational time of these 

ML models is often highly scalable with proper resources [22,29], enabling unprecedented 

ability to rapidly generate large numbers of accurate predictions. Depending on the accuracy 

and quality of these predictions, machine learning and deep learning can thus provide 

new avenues for evolutionary biologists to detect evolutionary patterns [17,31], integrate 

heterogeneous data types, and move beyond assumptions of simple parametric models. 

Although these approaches are very promising, there are still technical barriers and, at 

times, a lack of clear and interpretable advantages of these tools in evolutionary genetics. 

Therefore, we aim to provide a general overview of the broader application of ML in 

evolutionary genetics while also highlighting areas for continued improvement in its use 

across various areas of evolutionary biology.

There are nuances for the terms associated with AI (Table 1). Since deep learning is a 

subset of machine learning, itself a branch of AI, we will use the term machine learning 
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(ML) broadly in this paper to include both traditional machine learning and deep learning 

approaches, although most highlighted advances in this review used deep learning (Figure 

1). Our goal is to outline the technical opportunities and the conceptual shifts needed for 

ML to become a central tool in understanding genome evolution and the emergence of new 

functions (Figure 2). We aim to discuss how advances in ML may accelerate discovery in 

evolutionary genetics, highlight key achievements and directions (Figure 2), and critically 

examine the challenges that remain.

Main Text:

Deep learning for predicting protein structure and sequence function in molecular 
evolution

A central goal of molecular evolution is to connect genetic variation with molecular 

function and, ultimately, organismal fitness. One challenge is the difficulty of predicting 

how sequence changes alter structure, regulation, and phenotype. ML’s most immediate 

impact on the study of molecular evolution is perhaps most evident in the fields of protein 

structure and regulatory function prediction. The development of AlphaFold marked a 

turning point in structural biology [32,33], offering scalable and accurate predictions of 

protein 3D structures directly from amino acid sequences. In evolutionary genetics, this 

breakthrough enables ancestral sequence reconstructions to be linked to structural models 

[34,35], allowing researchers to infer how historical substitutions shaped protein folding, 

stability, and function beyond single-gene studies [36]. In addition to AlphaFold, other 

models such as RoseTTAFold [37], ESMFold [38,39], and diffusion-based generative 

approaches [40] are also expanding predictions of individual proteins to multi-protein 

complexes, membrane proteins, and intrinsically disordered regions, all of which are central 

to understanding protein evolution. For instance, AlphaFold2 predictions and ancestral 

reconstruction revealed that sex peptide–receptor binding arose by reusing an ancestral 

myoinhibitory peptide interface [35], with mutations adding sex peptide–specific contacts 

and shedding light on the origin of ligand–receptor interactions. While AlphaFold implicitly 

relies on the evolutionary conservation of protein structure as a guiding biological principle, 

potentially resulting in insufficient sensitivity for detection of evolutionary changes in 

protein structures, language models have been shown to perform similarly to AlphaFold for 

novel protein structural prediction [34,41]. Promisingly, similar language model approaches 

have successfully revealed the convergent evolution of more distantly related proteins 

[42], suggesting that such limitations may not be a significant concern. However, parallel 

development of specialized algorithms, such as those specifically predicting properties of 

intrinsically disordered proteins [43], along with the rapidly increasing availability of high-

quality training datasets are expected to directly address many issues soon [35].

Decoding gene expressional regulation

Deep neural networks trained on functional genomics datasets, such as chromatin 

accessibility and transcription factor binding, can predict the regulatory effects of sequence 

variation with remarkable accuracy [27,44]. For example, multiple independent studies 

have shown that assays for transposase-accessible chromatin with sequencing (ATAC-seq) 

peaks and DNase-seq peaks [45] are highly predictable [46,47] and that the regulatory 
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code is robust and conserved in close or distant lineages [46,48]. Since the underlying 

regulatory mechanisms are conserved, many tools not specifically designed for evolutionary 

questions may require only minor adjustments to be used in evolutionary studies. For 

example, tools used for predicting enhancer changes using in-silico mutagenesis may also 

be used in an evolutionary context [46,48]. There are also a growing number of studies 

that aim to predict transcription factor binding [49,50]. These models make it possible 

to study how noncoding mutations influence gene expression, enhancer turnover, and the 

evolution of gene regulatory networks, and how to use these models to examine their effects 

from a population or evolutionary genetics perspective. The ongoing and next stage of 

decoding expression is to quantitatively predict how changes in expression affect cellular 

and morphological phenotypes.

The prediction of protein fitness landscapes and contemporary evolution

A long-standing challenge in molecular evolution is predicting how genetic changes 

will shape future evolutionary outcomes. By integrating large-scale mutagenesis data and 

molecular dynamics simulations, ML models can now map protein fitness landscapes 

reasonably well [51,52], estimating the effects of single or multiple mutations on stability, 

binding affinity [35], and enzymatic activity [53,54]. Notably, current investigations into 

protein fitness landscapes are still mainly limited to a small number of genes that still 

require experimental validation of accuracy. Moreover, generalizing local sequence rules to 

the global landscape remains largely unreliable [52]. Given the importance of understanding 

fitness landscapes for protein engineering and design, we expect continued development of 

more advanced models in this area.

Evolutionary trajectory prediction is particularly relevant for human health in the context 

of future viral and pathogen evolution. AI-driven models have been used to forecast 

likely mutational pathways in influenza [55], HIV [56], and SARS-CoV-2 [57], helping 

to anticipate antigenic shifts that could undermine vaccines or other medical interventions 

[55]. Unlike traditional models that rely on fixed assumptions about selective pressures, ML 

approaches may learn directly from global sequencing data and metadata, such as vaccine 

efficacy, to identify subtle patterns of convergent evolution or immune escape. As datasets 

continue to grow, ML has the potential to serve as an early warning system for emerging 

pathogens, bridging molecular evolution with public health.

Phylogenetics and species tree inference

Reconstructing phylogenetic relationships remains a central challenges in phylogenetics. 

Traditional likelihood-based or Bayesian methods become computationally challenging 

or intractable for large datasets or complex models of sequence evolution. Recent work 

demonstrates that deep learning architectures, such as convolutional and recurrent neural 

networks (CNNs and RNNs), are now able to infer tree topologies directly from sequence 

alignments [58,59], which may reduce computational time for real genomic data while 

maintaining accuracy [60]. ML may also guide the resolution of long-standing issues in 

phylogenetics [61], such as gene-tree discordance caused by incomplete lineage sorting [62], 

hybridization[63], or adaptive radiation [63]. The overall goal is that by training models 

on simulated data with known evolutionary histories, ML systems can eventually learn to 
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correct discordant signals and improve the accuracy of species tree inference. However, 

such models are liable to learn incorrect statistical properties and may therefore suffer from 

similar misspecifications or model violations as likelihood-based methods [64]. It is thus 

important to evaluate the robustness and accuracy of current or future new ML approaches 

[59,61,65], as correct phylogenetic reconstruction is essential for downstream interpretation 

of evolutionary processes [66].

Detecting selection, adaptation, introgression, and other population biology

Separating the footprints of selection from population demographic history, which are 

generally inferred using maximum-likelihood methods, has traditionally proven difficult, as 

both processes share the same measurable genomic hallmarks of reduced diversity, extended 

haplotypes, and skewed allele frequency spectra. Unlike parametric inference models that 

often rely on simplifying assumptions, ML-based modeling approaches thus have the 

potential to effectively integrate over multiple summary statistics, genomic windows, or 

raw genomic data in order to flexibly and accurately capture nonlinear relationships even 

when such signals prove difficult to extract using inference-based methods. Such ML 

approaches are shown to be effective at integrating multiple weak signals into robust 

classifiers when tested on labeled, simulated data, enabling the distinction between selective 

sweeps and demographic confounders [67,68]. Deep learning models have shown promise in 

automating genome scans, learning directly from raw haplotype data or summary statistics, 

and scaling to whole-genome datasets. For example, S/HIC, an early attempt at using an ML 

approach for population genetics accurately detected selective sweeps under human-relevant 

demographic histories [69]. Several other ML approaches [68,70–72] have demonstrated 

accurate distinction between signatures of demography and selection while identifying 

genomic regions experiencing soft or hard selective sweeps in fruit fly populations. Deep 

learning models are increasingly applied to detect introgression and admixture [73], thereby 

learning complex patterns of haplotype sharing that are difficult to capture with traditional 

summary statistics [73]. Unfortunately, as in phylogenetic tree reconstruction, ML models 

often perform better on simulated data than on real data in this domain, and ongoing 

work continues to focus on these challenges to address the “domain adaptation” problem 

[74,75]. Integration with tools such as ancestral recombination graph (ARG) [76,77] may 

enable further scaling of deep learning models to petabyte-scale datasets, as is more 

common in human population genomics [78]. Although there are similar challenges as other 

applications of ML [61,67], these and future approaches may open the door to automated 

detection of signals of adaptive evolution across species and populations.

Although a growing number of studies have been published, the application of deep learning 

in population genetics remains a relatively new frontier [79]. Most current architectures, 

such as DNNs, CNNs, and RNNs, are often adopted with limited customization 

to the unique statistical and biological properties of genetic and genomic data. An 

emerging direction applies machine learning directly to raw SNP data or allele frequency 

spectra, bypassing human-defined summary statistics. This strategy offers computational 

convenience and the potential to uncover informative features that capture previously 

unrecognized patterns of genetic variation. For example, ReLERNN demonstrated that 

recombination rates can be inferred from pooled sequencing data using allele frequency 
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patterns [80], and subsequent work showed that genealogical effects shape the allele 

frequency spectrum, providing a biological explanation for the success of the ML model 

[81]. Similarly, GANs have been trained directly from real genetic data to generate 

realistic simulated datasets [82,83]. Follow-up studies demonstrated that GANs trained 

under neutral evolution can identify genomic regions that deviate from neutrality, consistent 

with selection, offering a novel and more interpretable framework for detecting non-neutral 

evolutionary processes [83].

Beyond inference of local genomic features, ML has also been applied to reconstruct 

population size histories, in some cases achieving performance comparable to well-

established approaches such as Approximate Bayesian Computation (ABC) [84]. ABC has 

been integrated with deep learning to enable efficient comparison of complex demographic 

models, and for instance, has been used to study historical introgression in humans 

and provided statistical support for a previously unrecognized third archaic introgression 

contributing to the ancestry of Asian and Oceanian populations [85].

Decoding epistasis and complex trait evolution

The interaction between genetic variants, or epistasis, is central to understanding adaptation, 

robustness and constraints in evolution. However, epistasis detection has been hampered by 

the combinatorial explosion of possible variant interactions in genome-wide datasets. ML 

models, including random forests [86], gradient boosting [87], and deep neural networks 

[88], can capture nonlinear and higher-order interactions that are missed in classical 

regression-based methods. However, many models on epistasis detection only moderately 

improved the precision when additive heritability was low and dominance effects were high 

[89]. Thus, understanding epistasis will benefit from biologically informed and causally 

aware architectures that connect statistical signals to real molecular interaction networks, 

such as nonlinear or learned SNP embeddings [90].

Modern genomics has expanded beyond DNA sequences to include transcriptomics, 

proteomics, metabolomics, and chromatin landscapes, often at single-cell resolution. Deep 

learning models are now helping integrate diverse layers of biological information across 

scales, from single cells to populations and species. Applied to evolutionary questions, 

such integration may reveal how regulatory changes shape gene expression patterns, how 

networks are rewired across species, what is the genetic architecture of a complex trait 

[91], and how molecular variations contribute to phenotypic plasticity. For instance, deep 

learning applied to single-cell multi-omics data enables the reconstruction of developmental 

trajectories [92]. Future cell type atlases at the biodiversity level may reveal clues about 

how regulatory programs evolve and diverge and contribute to the complexity of cell type 

evolution [93].

At the population level, genomic and epigenomic data have been uncovering links between 

sequence evolution and adaptation to environmental stressors [94]. In the context of human 

population health, a recent autoencoder-based deep learning approach provides a method 

to impute missing phenotype data and improve the causal inference between genetic 

variation and disease phenotypes [95], thereby expanding the application of ML in studying 

complex traits. Importantly, this is an opportune time to investigate sex-biased diseases using 
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advanced ML tools for two key reasons. First, sex disparities have long existed in disease 

datasets [96], but recent efforts to generate more sex-balanced data have improved the power 

to detect genetic signatures associated with disease, enabling more comprehensive trait-

level analyses. Second, from an evolutionary perspective, sex-biased constraints, expression 

variability, and selection signatures in human populations are generally weak [97–99]. ML 

approaches may therefore provide powerful means to uncover subtle or complex sex-specific 

genetic architectures that traditional methods might overlook.

Designing models that incorporate evolutionary theory

ML models have traditionally been agnostic to biological principles, learning patterns 

directly from data. Yet evolutionary biology provides a rich theoretical framework that 

can guide model design and interpretation. A successful example is AlphaFold [32], which 

leverages evolutionary information from multiple sequence alignments and co-variation 

patterns, along with structural templates, to predict protein backbones and folds accurately. 

Integrating phylogenetic information, population genetic parameters, or evolutionary 

constraints into ML architectures can make predictions both more accurate and more 

interpretable. For example, tools such as EVE (evolutionary model of variant effect) [100] 

use phylogenetic and population genetic information by training deep generative models on 

multiple sequence alignments across species and learning the evolutionary likelihood of each 

amino acid at each position. Such evolution-aware machine-learning frameworks improve 

performance and align computational methods with the central questions of evolutionary 

theory [66]. However, evolutionary biologists should be cautious when using these tools to 

address evolution-related questions, as the underlying models may introduce biases that 

affect evolutionary interpretation. For instance, because AlphaFold implicitly relies on 

residues conserved under purifying selection to stabilize its structural predictions, it may 

perform less accurately when analyzing sites evolving rapidly or under positive selection.

Frontiers, challenges, and outlook

ML in evolutionary biology has primarily focused on pattern recognition and prediction. 

A critical frontier is the development of models that move beyond correlation and capture 

causal mechanisms informed by evolutionary theory (see Outstanding questions). Emerging 

approaches in causal ML [101], such as causal graphs and counterfactual modeling, may 

offer ways to distinguish the effects of selection, drift, possibly demography, and test 

whether certain regulatory changes cause or merely correlate with phenotypic adaptation.

ML is positioned to detect subtle, high-dimensional patterns in complex evolutionary 

processes, including epistasis, pleiotropy, and gene–environment interactions, offering new 

insights into trait architecture and evolutionary dynamics. However, outputs are only as 

reliable as the underlying data and assumptions. Biases can arise from, but are not limited 

to, unbalanced training datasets (e.g., over-representation of model organisms and humans), 

incomplete annotations, or errors in reference genomes. Overfitting is another persistent 

concern, particularly when deep learning models capture spurious correlations that do not 

generalize beyond the training context and output misleading biological inferences [102]. 

These issues are especially pronounced when attempting to detect signatures of selection, 

adaptation, and introgression, as models are typically trained first on simulated data and 

Svetec et al. Page 7

Trends Genet. Author manuscript; available in PMC 2026 March 28.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



then applied to real genomes. Equally pressing is the issue of explainability. Many deep 

learning models function as black boxes, providing relatively accurate predictions but 

limited mechanistic insight into the hidden layers. Improving interpretability is essential for 

bridging predictive performance with biological understanding (see Outstanding questions).

Profound data imbalances further constrain ML applications. Despite explosive growth 

in genomic sequencing, knowledge remains uneven across clades, environments, and 

phenotypes. Model organisms - such as fruit flies, mice, yeast, and nematodes - and humans 

dominate high-quality datasets, while even their closely related species often lack essential 

population genomic, multi-omic, and phenotypic data. These disparities risk biasing ML 

inference and reinforcing blind spots in understanding adaptation and resilience. Addressing 

this requires global investment in underrepresented taxa, open-access resources, and models 

that generalize across sparse data or quantify uncertainty for poorly sampled lineages.

As ML becomes increasingly capable of interpreting and forecasting evolutionary 

trajectories, and of designing novel genetic variants and proteins, ethical guidelines must be 

established. Predicting pathogen evolution, for example, offers immense public health value 

but also raises dual-use concerns if misapplied. Therefore, we recommend that existing 

regulations and protocols regarding the dual use of harmful pathogens be adapted to include 

evolutionary considerations. Similarly, application of ML models to synthetic biology or 

in silico evolution creates unprecedented potential for the design of proteins [40,103], 

pathways, and even organisms [104] with unprecedented capabilities, underscoring the need 

for safety protocols that ensure minimal risk. Careful governance, transparent reporting, and 

interdisciplinary collaboration are essential to balance innovation with responsibility.

Training and deploying large ML models is computationally expensive, often relying 

heavily on GPU resources that incur substantial financial and environmental costs. The 

carbon footprint associated with large-scale model training has prompted increasing concern 

about whether the scientific gains always justify these expenditures. Moreover, access to 

high-performance computing infrastructure is unevenly distributed across institutions and 

countries, raising concerns and potentially exacerbating existing disparities in scientific 

capacity and participation. These limitations highlight the importance of considering more 

targeted ML approaches, or even classical statistical methods, when data are limited 

or questions are narrowly defined. A related and often underappreciated challenge is 

determining how much training data is sufficient: deep models trained on insufficient 

or unrepresentative data risk overfitting, poor generalization, and misleading inference, 

particularly under model misspecification or domain shift.

Despite these challenges, integrating artificial intelligence and evolutionary genetics 

remains in its early stages. ML is poised to become indispensable for unraveling 

evolutionary complexity and bridging empirical data with theory. Historically, many 

important conclusions have been drawn only after simplifying models or reducing data 

complexity to make analyses tractable. It is now possible to integrate heterogeneous data 

sources, learn complex nonlinear relationships, test long-standing theoretical predictions, 

and even uncover unanticipated dynamics. Current success includes protein structure 

prediction, enhancer activity inference, cell type classification, and selection signature 
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detection. However, ML has so far been unable to study collective protein-folding dynamics, 

the biological impact of individual mutations, the rewiring of regulatory networks across 

entire cell types, or the diversification of lineages and ecosystems over evolutionary time 

scales. It may also ultimately be impossible for ML to generate accurate predictions for 

some of these questions, suggesting the existence of as-yet undiscovered laws of nature. 

Regardless, whether we succeed in answering - or recognize our inability to answer - these 

deeper questions, the pursuit itself holds the potential to advance our understanding of 

medicine, agriculture, and conservation, enhance our ability to anticipate future evolutionary 

changes, and, hopefully, fundamentally reshape our understanding of genetics and evolution.
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Glossary

Additive heritability
The proportion of phenotypic variance attributable to the additive effects of genetic variants.

Ancestral recombination graph (ARG)
A genealogical structure that represents both the ancestry and recombination history of a 

sample of DNA sequences.

Artificial Intelligence (AI)
A broad field of computer science aimed at developing systems capable of perceiving, 

reasoning, and acting intelligently, often inspired by aspects of human cognition.

Autoencoder
A neural network trained to compress data into a lower-dimensional representation and then 

reconstruct it, useful for feature extraction and dimensionality reduction.

Convergent Evolution
Independent evolution of similar traits or structures in different lineages.

Convolutional Neural Network (CNN)
A type of deep learning architecture particularly effective at processing grid-like data (such 

as images or DNA sequences) by using convolutional layers to detect local patterns.

Deep Learning (DL)
A specialized subset of machine learning that uses multi-layered neural networks to 

automatically learn complex, hierarchical representations from large datasets.

Domain adaptation
An approach in ML that aims to maintain model performance when training data (simulated 

or empirical) differs from test data.
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Dominance effects
Genetic effects that arise from interactions between alleles at the same locus.

Epistasis
The phenomenon where the effect of one genetic variant depends on the presence of other 

genetic variants, representing gene-gene interactions.

Fitness landscape
A conceptual map representing how different genetic variants affect organismal fitness, with 

peaks representing optimal genotypes and valleys representing fewer fit variants.

Gene-tree discordance
The phenomenon where evolutionary trees reconstructed from different genes show 

conflicting topologies.

Generative Adversarial Network (GAN)
A framework consisting of two neural networks (generator and discriminator) that compete 

with each other to generate realistic simulated data.

Hard sweep
A selective sweep that occurs when a new beneficial mutation arises and rapidly increases in 

frequency in a population.

Hidden Markov Model (HMM)
A statistical model that represents systems transitioning between hidden states, commonly 

used in sequence analysis and gene prediction.

Incomplete lineage sorting
A phenomenon where ancestral genetic variation persists through speciation events, leading 

to gene trees that differ from the species tree.

Introgression
The transfer of genetic material from one species or population to another through 

hybridization and backcrossing.

Machine Learning (ML)
A subfield of AI focused on algorithms that learn patterns or predictive relationships directly 

from data without being explicitly programmed.

Phylogenetics
The study of evolutionary relationships among organisms or genes, typically represented as 

evolutionary trees.

Positive selection
Natural selection that favors beneficial mutations, causing them to increase in frequency.

Purifying selection
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Natural selection that removes deleterious mutations from a population, leading to sequence 

conservation.

Recurrent Neural Network (RNN)
A neural network architecture designed to process sequential data by maintaining memory 

of previous inputs, commonly used for time-series or sequence analysis.

Selective sweep
A pattern of reduced genetic diversity caused by positive selection rapidly increasing the 

frequency of an advantageous allele and linked neutral variants.

Soft sweep
A selective sweep that occurs when selection acts on standing genetic variation (pre-existing 

alleles) or recurrent mutations.

Supervised Learning
ML paradigm in which models are trained on labeled data (input–output pairs).

Transformer
A neural network architecture that uses attention mechanisms to process sequential data, 

enabling parallel processing and long-range dependencies.

Unsupervised Learning
ML paradigm in which models infer patterns from unlabeled data, often through clustering 

or dimensionality reduction.
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Outstanding Questions

• How can ML models be made more interpretable, ensuring that predictions 

contribute to mechanistic understanding rather than remaining black boxes?

• How can structural and functional prediction models be improved to 

capture evolutionary changes, particularly rapid or adaptive evolution and 

polymorphisms within species?

• Can causal ML frameworks disentangle the relative contributions of selection, 

drift, and demography in shaping genomic patterns?

• What strategies can mitigate biases introduced by uneven genomic sampling 

across taxa?

• How can ML models reliably predict evolutionary signatures in species under-

sampled or with limited high-quality training data?

• Is it possible to predict the evolution of a trait or a species using large-scale 

models, and if so, what trait datasets do these models need?

• What ethical guidelines are needed to guide the use of ML in studying 

evolutionary trajectories, particularly for predicting pathogen evolution and 

the use of synthetic biology?
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Highlights

• Recent advances in ML especially deep learning have enabled breakthroughs 

in biology and are poised to play an important role in evolutionary biology.

• ML models are increasingly capable of connecting genetic variation to 

molecular function, integrating structural, regulatory, and phenotypic data at 

multiple scales.

• ML models can now be used directly on raw SNPs, haplotypes, or allele 

frequency spectra, reducing reliance on summary statistics and enabling the 

discovery of previously unrecognized evolutionary patterns.

• Emerging approaches move beyond correlation, using causal inference to 

generate mechanistic insights into evolutionary processes.

• Integrating multi-omics data through ML is revealing hidden layers of 

complexity, such as epistasis, regulatory evolution, and phenotypic plasticity, 

that shape adaptation and diversification.
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Figure 1. 
Overview of a deep learning workflow for genomic sequence prediction. (A) The dataset 

is divided into training, validation, and test sets. Positive and negative examples need 

to be balanced for potential confounders to ensure that the model learns biologically 

relevant features rather than artifacts. Most data are usually used for training rather than 

for validation or testing. (B) The model architecture is selected based on knowledge. (C) 

Model performance is evaluated using true positive (TP), false positive (FP), false negative 

(FN), and true negative (TN) rates. Precision and recall are often used to evaluate model 

performance. Based on the results, the model architecture and hyperparameters often need 

to be tweaked. (D) Model interpretation is performed, and the outputs can be used for 

classification or quantitative prediction tasks.
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Figure 2. 
Applications of machine learning in evolutionary biology. (A) Protein structure prediction 

and analysis of structural changes in the context of evolution, population polymorphism, 

or simulated mutations. (B) Protein fitness landscapes that reveal evolutionary principles 

and provide practical insights for virology and immunology. (C) Regulatory architecture 

and its evolution. (D) Phylogenetic inference. (E) Demographic history reconstruction. (F) 

Detection of selection and classification of selection types. (G) Understanding epistasis and 

the genetic basis of complex traits. (H) Mapping from genotypes to phenotypes, and (I) 

predicting disease-causing variants. All panels are illustrative examples and do not refer to 

specific studies.
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Table 1
Relationships among AI, machine learning, and deep learning in biology.

Term Definition and scope Representative methods / 
models

Examples of applications in biology

Artificial 
Intelligence 
(AI)

Broad field aiming to create systems 
that can perceive, reason, and act 
intelligently.

Knowledge-based systems, 
logical reasoning, search 
algorithms.

clinical decision support systems, laboratory 
robotics for experiment planning

Machine 
Learning (ML)

Subfield of AI focused on algorithms 
that learn from data to improve 
performance on a task without explicit 
programming.

Supervised learning: 
Linear Regression, Logistic 
Regression, Support Vector 
Machine (SVM), Decision 
Trees.

Predicting gene expression from genomic 
features, classifying cell types from single-cell 
RNA-seq, Genome-wide association studies 
(GWAS) trait prediction, protein–protein 
interaction prediction, phenotype classification 
from imaging data.

Unsupervised learning: 
Clustering, Principal 
Component Analysis (PCA).

Probabilistic models: 
Bayesian networks, Hidden 
Markov Models (HMMs).

Deep Learning 
(DL)

Subfield of ML using multi-layered 
neural networks to automatically 
learn large-scale hierarchical data 
representations.

Neural architectures: 
Convolutional Neural Network 
(CNN), Recurrent Neural 
Network (RNN) / Long Short-
Term Memory (LSTM), 
Transformer, Autoencoder, 
Generative Adversarial 
Network (GAN).

Protein structure prediction (such as 
AlphaFold), enhancer and promoter prediction 
from sequence data, tissue and pathology 
image recognition, gene regulatory network 
inference, integration of multi-omics data
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