


Review Article
Detecting Selective Sweeps in the Genomic Era: From Classical Statistics to Deep Learning


ABSTRACT

Selective sweeps represent one of the most informative signatures of positive selection in the genome, arising when a beneficial allele rapidly increases in frequency and reduces genetic diversity in the surrounding chromosomal region. Since the hitchhiking effect was first formalised by Smith and Haigh in 1974, the detection of selective sweeps has progressed considerably from early neutrality tests such as Tajima's D and Fay and Wu's H, through haplotype-based statistics including EHH, iHS, H12 and their extensions, to contemporary machine learning frameworks capable of detecting subtle, ancient, and complex sweep signatures. This review traces that methodological progression, with particular focus on two recent convolutional neural network-based approaches FlexSweep and the Domain Adaptive Neural Network (DANN). FlexSweep addresses the longstanding problem of sweep-type specialisation by combining eleven complementary summary statistics across multiple genomic scales, enabling detection of diverse sweeps up to 5,000 human generations old in modern genomic datasets. DANN, by contrast, introduces domain adaptation to population genomics, allowing robust sweep detection and classification in ancient DNA by actively correcting for simulation misspecification through a gradient reversal layer. While distinct in their design and intended applications, these two methods are better understood as complementary tools whose utility depends on data type and biological context. The limitations of current machine learning approaches, including demographic confounding, simulation misspecification, and computational demands, are also discussed alongside prospects for future application in livestock and non-model organism genomics.
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1. INTRODUCTION
 Natural and artificial selection leave distinct molecular footprints across the genome, collectively referred to as selection signatures. These signals encode the evolutionary history of a population, revealing how organisms have responded and adapted to environmental, biological, and anthropogenic pressures over time. Understanding these signals has broad implications across genomic research, including characterising gene-environment interactions, informing conservation strategies, improving livestock and crop breeding programmes, and identifying loci underlying economically and medically important traits. One of the most powerful and well studied manifestations of these selection signatures is the selective sweep, which occurs when a beneficial allele rapidly increases in frequency within a population, leaving a characteristic pattern of reduced genetic diversity in the surrounding genomic region.
A selective sweep is an evolutionary phenomenon where a beneficial genetic variant rises in frequency in a population due to positive selection pressure (natural or artificial) favoring the particular variant, consequently reducing or "sweeping" away the genetic diversity in the surrounding chromosomal region. The concept was first introduced as the "hitchhiking effect" by Smith and Haigh, describing how a favored mutation carries along nearby neutral variants as it spreads to fixation marking a turning point in how scientists understood the relationship between natural selection and genetic variation [1]. Over the following decades, the concept evolved from a purely theoretical framework into an empirically testable phenomenon, largely owing to the rapid advancement of genomic technologies. Today, the detection of selective sweeps serves as a powerful tool for uncovering the genetic basis of adaptation across a wide range of organisms [2]. 
2. CONCEPTUAL FRAMEWORK OF SELECTIVE SWEEPS
2.1 Mechanism of selective sweep 
When a strong mutation occurs, and is favored it evolves but not in isolation. As it is physically linked to nearby alleles on the same chromosomes, these variants get selected as well and hitchhike along with the beneficial mutation. At the epicentre of this evolution is drastic reduction of genetic variation because only specific haplotype carrying the beneficial mutation is preserved as it reaches fixation. The extent of the swept region is fundamentally constrained by chromosomal recombination. Loci in immediate proximity to the selected mutation experience a near-complete erosion of genetic diversity, whereas loci at greater distances may preserve residual variation, as recombination provides neutral alleles an opportunity to dissociate from the sweeping haplotype [3].
3. TYPES OF SELECTIVE SWEEP 
3.1 Hard selective sweep 
A hard selective sweep is a classic evolutionary event characterized by the rapid spread of a single advantageous mutation from a single copy to fixation (or near fixation) within a population [4, 5, 6, 7]. This process is driven by positive directional selection and leaves a distinct, high-intensity footprint on the genome.
Mechanism: The process begins when a new, selectively favored mutation arises on a specific haplotypic background. As the favored mutation rises in frequency, the neutral nucleotide variants physically linked to it on the same chromosome are "carried along" to high frequency. In a "complete" hard sweep, once the beneficial allele reaches fixation (100% frequency), the genetic variation across that entire chromosomal segment is effectively eliminated because only the successful haplotype remains [4, 5, 6, 7]. Recombination allows some neutral variants to escape the sweep. Consequently, the reduction in diversity is most severe at the site of selection and gradually increases as the distance from the selected site grows [3]. One of the characteristic genomic signatures of hard sweep includes elevated LD on either side of the selected site, but a complete breakdown of LD across the site itself once fixation is complete [8, 9]. There is an observed excess of both low-frequency and high-frequency derived alleles in the population [10, 11]. The rapid spread of the mutation leaves no time for recombination to break down the haplotype, resulting in unusually long segments of homozygous DNA [12, 13]. Recent studies on ancient DNA of human origin have suggested that the hard sweeps have shown remarkable resilience, persisting through thousands of years of human history despite major demographic events like admixture and migration. Hard sweeps are the dominant mode of adaptation in populations with historically small effective sizes (Ne) [14].
3.2 Soft selective sweep
A soft sweep is a mode of positive natural selection where multiple adaptive variants at a single locus rise to high frequency within a population simultaneously. This process is distinct from a "hard sweep," where only a single beneficial mutation spreads through the population. Because soft sweeps involve multiple sweeping haplotypes, they leave behind more subtle genomic signatures and result in a less severe loss of genetic diversity in the surrounding chromosomal region [4, 5, 15].
Mechanism:
3.2.1 From Standing Genetic Variation
A Soft sweep occurs when a beneficial allele is already existing in the population in low frequency (mutation-selection balance) within a population before an environmental shift occurred [4, 15, 16, 17, 18] and as the environment changes, this pre-existing variation becomes advantageous and multiple haplotypes carrying the variant rise in frequency [4]. 
3.2.2 From Recurrent Mutation
Other mechanism include where multiple independent mutations of the same beneficial variant occur at the same locus after the onset of selection. This kind of selection is more likely in populations with very large effective sizes, where the mutational input is high [19]. Unlike hard sweeps, which results in a single dominant haplotype reaching high frequency and ultimate fixation, soft sweeps result in multiple unique haplotypic backgrounds carrying the beneficial allele at high frequency [14]. As the diversity is not swept completely, there is a striking reduction in loss of heterozygosity and thus making it very difficult to detect. Another difficulty to detect soft sweep arises due to "soft shoulder effect" where recombination causes the regions flanking a hard sweep to exhibit polymorphism patterns which resemble soft sweep signals and potentially resulting in misclassification [20]. The Soft sweeps are frequently associated with rapid molecular adaptation to sudden evolutionary challenges, such as shifts in diet patterns, pathogens, or climate. Soft sweeps are considered a dominant mode of adaptation for traits that require quick responses, such as antibiotic resistance or adaptation to heavy metals [21].
4. STATISTICAL AND CLASSICAL METHODS FOR DETECTING SELECTIVE SWEEPS
Initially, research was focused on theoretical models describing how selection affects the genome. R.A. Fisher explained selection effects using a mathematical approach. The Smith and Haigh paper of 1974 described the hitchhiking effect about how a favored mutation reduces genetic variation at nearby linked neutral sites [1]. Kreitman introduced the term "selection signature" to describe the genomic footprint left by this process [22]. Tajima’s D uses the Site Frequency Spectrum (SFS) to identify positive or balancing selection by evaluating the difference between segregating sites and average nucleotide differences [23]. Fu and Li’s D and F are statistical neutrality tests, developed in 1993 that identify deviations from neutral evolutionary expectations by analyzing allele frequency patterns [25]. However, Tajima’s D and D-F statistics by Fu are sensitive to demography of the population and easily gets confounded by non-selective forces. MK (McDonald-Kreitman) test was designed to distinguish between neutral evolution and the effects of natural selection on genetic variation [24]. It examines the ratio of synonymous mutations (silent changes that do not alter the amino acid sequence) versus non-synonymous mutations (changes that do alter the amino acid sequence) [24]. Fay and Wu’s H was designed to identify signatures of positive natural selection by analyzing the site frequency spectrum (SFS) of DNA polymorphisms. The H test is based on the theoretical prediction that a selective sweep shifts the SFS toward an excess of high-frequency derived alleles [26], but it relies on single locus information, which fails to capture the complexity of the evolutionary process acting on genome. In 2002, Kim and Stephan Test implemented a Composite-Likelihood Ratio (CLR) test based on polymorphism data along recombining chromosomes to predict the strength and position of selection [27]. The shortcomings to these include, as it lacks robustness under strong demographic events. Under strong bottlenecks the false positive rate increases rapidly [41]. EHH (Extended Haplotype Homozygosity) by Sabeti et al. identifies recent selection using phased haplotype data to find long, high-frequency haplotypes [28]. iHS (Integrated Haplotype Score) expands on EHH by measuring the decay of homozygosity around a core SNP using phased haplotypes [30] while XP-EHH combines LD and cross-population differentiation to measure selection signatures between two populations [31]. These methods are most effective for recent or ongoing sweeps and fail to detect soft sweeps. SweepFinder uses a CLR test based on the empirical background SFS to detect sweeps while accounting for demography [29]. SweeD (Sweep Detector) is an optimized CLR-based test capable of handling large datasets and arbitrary demographic models [32]. To differentiate the selective sweep as hard and soft sweep, Garud et al. introduced H12 and H2/H1. H1 is a common measure of diversity in population genetics. It is defined as follows:
    
where pi is the frequency of the ith most common haplotype and n depicts the number of observed haplotypes. 
And   
which is the haplotype homozygosity measured using all but the most frequent haplotype [33]. G12 and G123, by Harris et al. in 2018 extended to unphased multilocus genotype data, which paved way for detection in non-model organism without haplotypes [34]. It was followed by T-statistic by Harris and DeGiorgio in 2020, which is a likelihood-based measure of identifying hard and soft sweep done using open-source software, LASSI (Likelihood based approach for selective sweep inference) [42]. 
5. THE ADVENT OF MACHINE LEARNING AND DEEP LEARNING ERA
Machine learning (ML) methods have emerged as powerful tools in population genetics to address the challenges of identifying selective sweeps, particularly when signals are subtle, incomplete, or obscured by complex demographic histories. S/HIC, introduced by Schrider and Kern in 2016 uses a Random Forest classifier to distinguish between hard sweeps, soft sweeps, linked regions, and neutral regions [35]. diploS/HIC is a version of S/HIC designed specifically for unphased genotypes [36]. Deep learning, particularly Convolutional Neural Networks (CNNs), has proven highly effective because it can extract complex patterns from raw genomic data without requiring data reduction into summary statistics [37, 38]. ImaGene utilizes a Convolutional Neural Network (CNN) to quantify natural selection directly from raw genotype matrices [38]. 
5.1. Flex-sweep
Among the machine learning-based approaches developed for selective sweep detection, FlexSweep represents a notable methodological advance in terms of versatility and detection range. Introduced by Lauterbur, Munch, and Enard (2023), this convolutional neural network (CNN)-based method was conceived to address a longstanding limitation of existing tools namely, their tendency to be optimised for specific sweep types at the expense of broader applicability [39]. FlexSweep overcomes this constraint by integrating eleven summary statistics, six of which are drawn from established literature and five newly developed hapDAF-o, hapDAF-s, Sratio, lowfreq, and highfreq that collectively capture complementary signatures of selection across haplotype structure, the site frequency spectrum, and diversity patterns on derived versus ancestral backgrounds. Rather than applying these statistics at a fixed scale, FlexSweep calculates them across nested windows of five different sizes, enabling the underlying neural network to leverage signal variation at multiple genomic resolutions simultaneously. This design allows the method to detect not only recent and strong sweeps but also those that are ancient, weak, incomplete, or arising from standing genetic variation sweep categories that have historically challenged detection efforts. Importantly, FlexSweep extends reliable sweep detection to approximately 0.125×4 generations, roughly equivalent to 5,000 generations (human), effectively doubling the temporal detection range of previous approaches, with strong hard sweeps detectable up to 0.25×4Ne generations. The method also demonstrates commendable robustness to demographic model misspecification, recombination rate heterogeneity, and background selection interference. FlexSweep requires only a single population with phased haplotype data, eliminating the need for outgroup sequences or admixture information [39].

5.2 DANN
The domain adaptive neural network (DANN) framework for selective sweep detection, developed by Harris, Mo, Siepel, and Garud (2025), represents a meaningful departure from conventional deep learning approaches to population genomic inference, having been purpose-built to contend with the inherent complexities of ancient DNA (aDNA) data. While the method shares its foundational architecture with convolutional neural networks (CNNs) previously applied to sweep detection, its defining innovation lies in the incorporation of a gradient reversal layer (GRL) a mechanism that allows the model to pursue two objectives simultaneously during training: learning to classify selective sweeps accurately, and actively suppressing features that distinguish simulated training data from real genomic data [14]. This dual-objective training strategy directly addresses simulation misspecification, a pervasive challenge in supervised machine learning approaches to population genetics, where discrepancies between simulated and empirical data can substantially erode model performance. As input, the DANN receives haplotype matrices comprising 150 pseudo-haplotypes across 201 segregating sites, sorted by haplotype frequency to maximise signal detectability, and generates class probabilities across three categories hard sweep, soft sweep, and neutrality. The network architecture is organised into two parallel branches downstream of a shared feature extractor: a classifier branch responsible for sweep categorisation, and a discriminator branch that distinguishes between data domains, with the GRL inverting the discriminator gradient during backpropagation to encourage the learning of domain-invariant representations. Benchmarking against the haplotype homozygosity statistic H12 demonstrated clear performance gains, with the DANN achieving an area under the precision-recall curve of 0.942 compared to 0.898 for H12. When deployed across more than 800 ancient and modern European genomes spanning approximately 7,000 years, the model recovered 16 previously documented sweep candidates at functionally significant loci including LCT, HLA, KITLG, and OCA2/HERC2, while also identifying 32 novel candidates, with the predominance of hard sweeps reflecting the historically restricted effective population sizes characteristic of ancient human populations [14]. 

                       Table 1.  Comparative analysis of FlexSweep and DANN
	Feature 
	FlexSweep
	DANN

	Developed by
	Lauterbur, Much and Enard (2023)
	Harris, Mo, Siepel and Garud (2025)

	Core architecture
	Convulational Neural Network (CNN)
	Domain Adaptive Neural Network (CNN and Gradient Reversal Layer)

	Input data type
	Summary statistics feature vectors
	Raw haplotype matrices

	Phased data required
	yes
	yes

	Ideal data type
	Modern whole genome sequencing data
	Ancient DNA (aDNA)

	No. of statistics used
	11
	Not-statistic based

	Demographic model dependency
	Requires user-specified model
	Addresses misspecification actively



Taken together, FlexSweep and DANN should not be viewed as competing methodologies but rather as tools occupying distinct and complementary niches within the broader landscape of sweep detection. FlexSweep offers breadth and versatility across diverse sweep types and ages in modern genomic contexts, while DANN addresses the specific and technically demanding problem of sweep detection in ancient and degraded DNA under conditions of simulation misspecification. Selecting between them is therefore less a matter of which performs better in absolute terms and more a question of matching the analytical tool to the nature of the data and the evolutionary question under investigation.
6. CHALLENGES AND LIMITATIONS OF MACHINE LEARNING AND DEEP LEARNING
A recurring challenge across all supervised machine learning approaches to sweep detection is simulation misspecification: the discrepancy between the simulated data used for model training and the complexity of real genomic datasets [43, 44]. Simulations necessarily rely on simplified assumptions about demographic history, mutation rates, and recombination landscapes that rarely capture the full complexity of empirical data. When these assumptions diverge substantially from reality, model performance degrades, producing elevated false positive rates and missed detections. While domain adaptation strategies such as those implemented in DANN partially mitigate this problem, simulation misspecification remains an unresolved limitation across the field [14].
Demographic confounding presents an equally serious challenge. Population events such as severe bottlenecks, founder effects, and rapid expansions generate patterns of genetic variation that can closely resemble selective sweep signatures [45]. If training simulations do not adequately capture the demographic history of the population under study, the resulting model will struggle to distinguish genuine selection signals from demographic noise, leading to unreliable inferences. This problem is particularly acute in livestock populations, where intense artificial selection, breed formation bottlenecks, and managed breeding structures create highly complex demographic backgrounds.
The dependence of deep learning models on high-quality phased haplotype data also limits their broader applicability. Many genomic datasets, particularly those derived from SNP arrays in non-model organisms, are unphased, and the computational cost of accurate phasing adds an additional layer of complexity and potential error to the analytical pipeline [40].
Finally, the computational demands of training and deploying deep learning models remain a practical barrier for many research groups, particularly those working with limited infrastructure. While hardware costs are declining and cloud computing is increasingly accessible, the expertise required to implement, train, and validate these models remains a non-trivial requirement that restricts uptake beyond specialist laboratories.
7. CONCLUSION
The study of selective sweeps has evolved considerably since Smith and Haigh first described the hitchhiking effect, progressing from theoretical statistical frameworks to sophisticated machine learning approaches capable of detecting subtle and ancient signals of adaptation. Classical methods, while foundational, were constrained by demographic sensitivity and limited sweep-type specificity. Haplotype-based statistics extended detection power but remained largely restricted to recent and strong sweeps. The emergence of machine learning frameworks marked a turning point, with tools like S/HIC, diploS/HIC, and ImaGene demonstrating the value of integrating multiple genomic signals simultaneously. FlexSweep and DANN represent the current methodological frontier, each advancing sweep detection in meaningfully distinct directions. FlexSweep offers unmatched versatility across sweep types and ages in modern genomic datasets, while DANN addresses the technically demanding challenge of sweep detection in ancient DNA through domain adaptation. Rather than competing tools, they serve complementary purposes, and the choice between them should be guided by data type and biological context. The domain adaptive framework underlying DANN also holds considerable promise for future application in livestock and non-model organism genomics. As datasets grow and methods mature, continued progress in demographic modelling and simulation accuracy will remain central to advancing the field.
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