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Abstract

In the presence of recombination, the evolutionary relationships between a set of sampled
genomes cannot be described by a single genealogical tree. Instead, the genomes are
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between generations. In applied settings, we may want to understand whether a human-made
structure such as a road or dam (e.g., [7,8]) reduces connectivity between populations, which
is implicitly asking how often ancestor-descendant relationships span the potential barrier
(e.g., [9]). So far, direct knowledge of how genetic material is transmitted from ancestors to
descendants is extremely limited in nearly all systems, save those with extensive pedigree and
genomic information (e.g., Florida scrub-jays [10-12], economically important livestock like
dairy cattle [13,14]). However, access to this information could revolutionize the study of
numerous topics across evolutionary genomics.

In population genetics, the fundamental structure that describes how genetic material is
passed from ancestors to descendants is called an ancestral recombination graph (ARG). Build-
ing on earlier developments in coalescent theory [15-19], ARGs were conceptualized in the
1990s by R.C. Griffiths and P. Marjoram [20-22] to describe ancestry in the presence of coales-
cence and recombination. ARGs have subsequently featured prominently in the theoretical
and statistical realms of population genetics where they have been extensively studied for their
biological, mathematical, and computational properties and utility.

Nonetheless, ARGs remain much less known and appreciated in the broader field of evolu-
tionary genomics. This inattention can at least partially be ascribed to pragmatism—until
recently, ARGs have been purely theoretical constructs, impractical to reconstruct in empirical
systems or even simulate at biologically realistic scales. Additionally, although an expansive lit-
erature already exists on ARGs, much of this content is targeted at an audience with extensive
theoretical or statistical expertise in population genetics, and thus may be unapproachable for
biologists lacking this background. Excitingly, recent methodological advances in reconstruct-
ing (Box 1) and simulating (Box 2) ARGs together with concurrent progress in genome
sequencing and increasingly available high-performance computation means that obtaining
ARGs is becoming conceivable in many situations.

Box 1: ARG reconstruction

A growing arsenal of methods is available to infer ARGs from genomic data.
ARGweaver, which was introduced in 2014 by [44], represents a seminal achievement
in ARG inference. ARGweaver and its extension (ARGweaver-D; [88]) leverage
approximations of the coalescent (SMC or SMC’ [43,89]) and time discretization to sim-
plify the space from which to sample candidate ARGs using Markov Chain Monte
Carlo. These methods, along with other recent Bayesian approaches like Arbores [90]
and ARGinfer [91], enable the rigorous treatment of uncertainty via the incorporation
of an ARG’s posterior distribution into downstream analyses. One general limitation of
these methods is that, due to computational requirements, they can only handle fairly
modest sample sizes. For example, ARGweaver can consider between 2 to about 100
samples [45].

Motivated by the extensive sequencing efforts in human genomics, several methods have
been devised to accommodate large and complicated genomic datasets. For example,
ARG-Needle [92], tsinfer+tsdate [33,41], and Relate [86] can infer genomic
genealogies for tens of thousands (Relate) to hundreds of thousands (tsinfer
+tsdate, ARG-Needle)of human samples. Relate and tsinfer+tsdate can
additionally incorporate samples from different time periods and have been used to
reconstruct unified genomic genealogies for modern humans and ancient samples of
humans, Neanderthals, and Denisovans [32,33]. This scalability is facilitated by various
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statistical simplifications, which result in several limitations in the inferences of these
approaches. For example, Relate and tsinfer+tsdate infer less information
about recombination than methods like ARGweaver, which attempts to identify the
specific recombination events associated with every breakpoint [25]. Additionally, they
only provide point estimates for the tree topologies, which precludes comprehensive
assessments of uncertainty in ARG structure.

So far, most ARG inference development has focused on human and other eukaryotic
genomes. However, there are also active efforts to create methods tailored to other types
of genomes and systems. For example, [93] developed a Bayesian approach dubbed Bac-
ter, which is designed to infer ARGs for bacteria based on the ClonalOrigin model [94].
Spurred by the COVID-19 pandemic, [95] recently introduced a method (sc2ts) for
ARG reconstruction that can involve millions or more of SARS-CoV-2 genomes.
sc2ts is designed to construct and repeatedly update an ARG through time with new
samples, which is relevant to ongoing surveillance during pandemics wherein pathogen
samples are collected and sequenced in real time.

In summary, there is a burgeoning assortment of methods that enable ARG reconstruc-
tion across a range of dataset and system characteristics including data types, sample
sizes, and sampling regimes. ARG reconstruction remains a formidable statistical and
computational challenge, and many improvements in the robustness and flexibility of
ARG reconstruction are still needed [74,96,97]. However, ARG inference has emerged
as a nexus of methodological development in statistical population genetics, and ongoing
efforts exist to address the limitations and combine the strengths of existing methods
(e.g., [98]). Readers should be prepared for continued innovation in this area.

Box 2: Simulation

Concurrent with improvements in ARG reconstruction, revolutionary progress in popu-
lation genomic simulation has occurred over the past decade. One of the most significant
developments was msprime [40,47], which can simulate genomes and ancestry back-
ward in time under a variety of population genetic models including several models of
the coalescent. With the coalescent, only the ancestors of the samples (and not entire
populations) must be tracked. This approach is highly efficient but generally entails an
assumption of neutral evolution [although it is possible for coalescent theory and simula-
tion to incorporate selection (e.g., [47,99-103])]. The notable innovation of msprime
relative to previous coalescent programs is the speed at which it can perform simulations
at biologically realistic scales under a variety of models and with recombination. For
example, msprime has been used to simulate realistic whole genome sequences based
on genealogical information for approximately 1.4 million people inhabiting Quebec,
Canada [104].

Another noteworthy development in population genomic simulation over the past

decade is SLiM [105]. In contrast to coalescent simulators, SL.iM simulates forward in
time using either Wright-Fisher or non-Wright-Fisher models [106]. The forward-in-
time nature of SLiM means that all individuals in each generation (including historical
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individuals that are not genetic ancestors to the contemporary population) must be
tracked in the simulation. This elevates the computational burden compared to coales-
cent simulation. However, it enables substantially more flexibility in the scenarios that
can be simulated including complex selection and ecological interactions across multiple
species [107]. Relevant to this review, both SLiM and msprime can record ARGs dur-
ing simulation [47,108]. These and other simulation programs (e.g., discoal [103])
can be used for a variety of purposes in ARG-based research including exploration of
biological phenomena, statistical and machine learning inference (e.g., [37,109,110]),
and methods evaluation [74].

The field of evolutionary genomics thus finds itself at an intriguing threshold. Methodologi-
cal breakthroughs have led to substantial and growing prospects for obtaining ARGs in a vari-
ety of circumstances. However, several factors are combining to prevent the field from fully
exploiting this newfound capacity to learn about evolutionary phenomena from ARGs. First, a
restricted awareness of ARGs and their value means that there are currently few empirical
researchers inferring ARGs in their systems. This paucity of empirical ARGs is limiting
momentum to develop statistical methods that make inferences (e.g., of selection or demogra-
phy) from ARGs (although see the “ARGs in evolutionary genomics” section for some recent
examples). And, completing the feedback loop, the lack of methods that leverage ARGs to
make inferences disincentivizes empirical researchers from generating ARGs in their systems.
Fully capitalizing on ARGs in evolutionary genomics will thus require addressing these inter-
related deficiencies—fostering an understanding and appreciation of ARGs and developing
methods that enable researchers to make inferences from them. As a step towards achieving
these goals and moving the field towards the “era of the ARG,” we view now as an opportune
moment to provide a widely accessible resource for comprehending ARGs and their potential
in evolutionary genomics.

We have 2 primary objectives for this paper. First, we provide a concise and gentle primer
on ARGs, including an introduction to what an ARG is, what information can be encoded
within it, and an exploration of some of its basic properties. Second, we discuss the potential
for ARGs to benefit evolutionary genomics research. Our aim for the second objective is not to
exhaustively review existing ARG-based research, but rather to articulate the promise of ARGs
to advance diverse topics across evolutionary genomics. We supplement these 2 main objec-
tives with an overview of recent methodological developments in reconstructing, simulating,
and analyzing ARGs. Through this discussion, we hope to demonstrate the potential of ARG-
based approaches for providing insights into many evolutionary genomics questions and gal-
vanize further development in ARG-based inference.

An ARG primer

In the following section, we will incrementally develop an intuition for what ARGs are by start-
ing with the fundamentals of sexual reproduction and genealogical relatedness, which will help
clarify how ARGs emerge from these first principles of biology. To simplify our discussion, we
will focus on the nuclear genome of sexual, diploid organisms and meiotic recombination
throughout the paper. However, the ideas covered here are relevant to any organism across the
tree of life as well as viruses whose genomes undergo any type of recombination (e.g., gene
conversion, bacterial conjugation). For more technical treatments of ARGs, we direct inter-
ested readers to [22-25].
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Background

In sexual, diploid organisms, haploid gametes are generated by the sampling of a single DNA
copy of every position in the genome during meiosis. During reproduction, the parents’ gam-
etes fuse, which leads to a diploid offspring. The relationships between a set of individuals can
be represented by a genealogical pedigree (Fig 1A; light gray portions), in which each individ-
ual has 2 parents, from each of whom it has inherited exactly half of its genome. The pedigree
consists of nodes, which represent individual organisms, and edges, which connect a subset of
the nodes and signify parent-offspring relationships.

By itself, the pedigree can provide coarse estimates of genetic ancestry, such as the expected
genetic relatedness between individuals (e.g., 0.50 between full siblings; 0.125 between first
cousins), or the expected proportion of the genome inherited from a particular genealogical
ancestor. However, for any region of the genome, we are unable to ascertain from the pedigree
alone whether it is the parent’s maternal or paternal copy that has been transmitted. Thus, we
are restricted to calculating expected quantities. We could therefore gain more in-depth
knowledge of ancestry in the genome by explicitly tracking the transmission of DNA
sequences down the pedigree from specific parental to offspring chromosomes.

This discussion of the pedigree highlights multiple key ideas in our build-up to ARGs. First,
because each parent contributes only 1 DNA copy at a particular genomic position to its off-
spring, each copy experiences its own unique history of inheritance through the pedigree. Sec-
ond, because a parent only contributes half of its genome to each offspring and not all
individuals reproduce, only a subset of the genetic material possessed by historical individuals
in the pedigree end up in contemporary individuals. As you travel further back in the pedigree,
despite the geometric increase in the number of expected genealogical ancestors (a maximum
of 2" ancestors where n equals the number of generations back in time), an increasing propor-
tion of these ancestors contributes no genetic material to their contemporary descendants
[26,27].

If we concentrate on a particular position in an individual’s genome, we see that each DNA
copy traverses just one of the manifold possible paths (i.e., series of connected nodes and
edges) in the pedigree. The specific pedigree paths through which copies at a particular posi-
tion in contemporary individuals were transmitted from their ancestors represent the genetic
genealogy at that position [28,29]. Similar to a pedigree, each edge in the genealogy represents
a transmission event of genetic material from parent to offspring. However, in a pedigree, each
node is a diploid individual, while in a genetic genealogy, each node represents 1 of 2 haploid
sequences within a diploid individual—the specific genomic copy sampled to create a gamete
that passes genetic material from a parent to the current individual. This genetic genealogy is
embedded in the pedigree (Fig 1A; portions in dark gray and color). The sequence of relation-
ships defined by the pedigree constrains the possible nodes and edges that can exist in the
genealogy, but does not fully dictate the identities of these nodes and edges. The structure of a
genetic genealogy is determined by both the pedigree structure and the outcome of the game-
togenic genome sampling at each reproduction event in the pedigree.

The genetic perspective of relatedness is further complicated by another feature of meiosis:
recombination. Meiotic recombination, the shuffling of genetic material in the genome during
meiosis, occurs via 2 processes: (1) exchange of genetic material between homologous chromo-
somes via crossing over during prophase I; and (2) random assortment of homologous chro-
mosomes during anaphase I. These recombinational processes can produce a mosaic of
genetic ancestry across the haploid genome of the gamete so that a particular gametic genome
potentially contains genetic material inherited from different parents both between non-
homologous chromosomes and within chromosomes. Recombination therefore results in
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Fig 1. Overview of ARGs. In all ARG depictions (A, B, D), nodes are indicated by small circles, and each node represents a single set of one or more
chromosomes (a haploid genome) of an individual. The node coloration indicates whether or not it is involved in recombination, and the specific
pattern (shading and outline) of the node indicates its type: nonsample, unary (nonsample), sample. The genome is divided into 3 non-recombining
regions (orange, blue, and green). (A) The relationships of multiple individuals can be organized into a pedigree (light gray portions). An ARG is
embedded in a pedigree (portions in dark gray and color) and represents the set of pedigree paths through which genetic material is transmitted. (B)
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The graphical representation of an ARG. Edges (the connections between nodes) are colored and annotated with the non-recombining region(s) that
they transmit. (C) A plot recording the lineage count through time in the ARG. Backward in time, coalescent events, which occur at the dark gray
points, merge lineages and thus reduce the lineage count. The red points highlight the times at which recombination occurs, which splits lineages
backward in time and therefore increases the lineage count. (D) An ARG can be formulated as a series of local trees that share nodes and edges. Each
non-recombining region possesses its own local tree. The regions are separated by a recombination event, which, when moving between regions,
prunes a portion of the tree and regrafts it to another node. This action means that nearby trees are generally quite similar in structure. The arrows in
the left 2 trees show how recombination relocates a branch in the tree (reconnecting to the small, light gray node) to form the tree of the region
immediately to the right. The dashed lines in the second and third trees highlight each tree’s shared structure with its leftward neighbor.

https://doi.org/10.1371/journal.pgen.1011110.g001

different histories of inheritance (and thus different genealogies) across the genome, with
topological changes to the genealogy associated with recombination breakpoints and different
chromosomes [30].

Ancestral recombination graphs

The complex web of genetic genealogies across the genome is recorded in a graphical structure
known as an ARG, which provides extensive information regarding the history of inheritance
for a set of sampled genomes. Each node in an ARG represents a haploid genome (a haplotype)
in a real individual that exists now or in the past [25]. Each diploid individual therefore con-
tains 2 haploid genomes and is represented by 2 nodes. We refer to nodes corresponding to
sampled genomes (often, though not necessarily [31-33], sampled in the present) as sample
nodes and all other nodes as nonsample nodes. If sample nodes have no sampled descendants,
they constitute the tips of an ARG. Sample nodes are particularly salient because ARGs are
generally specified in terms of the genetic ancestry of these genomes. Edges in an ARG indicate
paths of inheritance between nodes. ARGs are technically described as “directed graphs”
because genetic material flows unidirectionally from ancestors to descendants.

Assuming that sample nodes are sourced from contemporary individuals, the present time
in an ARG (the bottom of the vertical axes in Fig 1B and 1D) contains a lineage (i.e., sets of
one or more edges connected by nodes forming continuous paths of inheritance) for each
sample. Tracing the lineages back in time, some nodes have 2 edges enter on the future-facing
side but only a single outbound edge on the past-facing side (e.g., node ® in Fig 1B). These
nodes represent haplotypes in which 2 lineages find common ancestry and thus merge into a
single lineage, which reduces the lineage count by one (the dark gray points in Fig 1C). Com-
mon ancestry events additionally represent coalescence when (backward in time) the 2 merging
edges contain the same portion of the genome (note that all nodes corresponding to common
ancestry events in Fig 1 (®, ®, ®, @, and ®) also correspond to coalescence). From an
organismal perspective, nodes corresponding to coalesence represent an instance in which a
parent provides the same (portion of a) haploid genome to multiple offspring and thus splits a
lineage into multiple lineages forward in time.

Conversely, other nodes have a single edge enter on the future-facing side but 2 edges exit
the past-facing side (e.g., node @ in Fig 1B), which represents the outcome of recombination
[2]. Backward in time, the node with 2 outbound edges on the past-facing side is the recombi-
nant offspring node whose genome is inherited from 2 parental nodes (e.g., node © in Fig 1).
The 2 nodes that each receive one of the outbound edges are the parental nodes whose
genomes are recombined in the offspring node. For example, in Fig 1, © and ® are the paren-
tal nodes of ©. From an organismal perspective, these nodes occur when an offspring receives
one of its haploid genomes from a parent and that haploid genome represents the outcome of
recombination between the parent’s 2 haploid genomes. Recombination splits the genome
into separate lineages and thus each portion of the genome experiences a distinct history of
inheritance between (traversing an ARG from present to past) the recombination event from

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011110 January 18, 2024 7/24


https://doi.org/10.1371/journal.pgen.1011110.g001
https://doi.org/10.1371/journal.pgen.1011110

PLOS GENETICS

which they split to the coalescence event in which they join back up. Consequently, each
recombination event increases the number of lineages in an ARG by one (the red points in Fig
1G; [34]). From a forward-in-time perspective, recombination fuses portions of 2 parental
genomes into a single haplotype (in the recombinant offspring), and thus unites separate line-
ages into a single lineage. Nodes through which genomic material that is eventually inherited
by a sample node (hereafter ancestral material) is transmitted but are involved in neither com-
mon ancestry nor recombination for the ancestral material do not determine the topology of
an ARG and thus are frequently omitted (we retain several of these nodes in Fig 1 to highlight
the effects of recombination). More generally, nodes with only 1 descendant (unary nodes;
e.g., node ® in Fig 1) do not directly influence genealogical relationships between the sample
nodes. In simulations, unary nodes are often removed via a process called simplification [35].

ARGs generally record the timing of each node and the ancestral material that each edge
transmits between ancestors and descendants. To trace the genealogy for a particular position
in the genome, you follow the edges through the ARG that contain the focal position [22]. For
example, in Fig 1B, to extract the genealogy for a position in the orange region (between posi-
tions Ly and L;) of sample node ®, you would follow the edges that transmit the orange region
between nodes (i.e, ® - ® — ® — @ — ).

The fact that each genomic region bracketed by recombination breakpoints (hereafter non-
recombining region) possesses its own genealogy and that a non-recombining region in a single
sample node traces only 1 path back to the MRCA of the entire sample suggests an alternative
representation of an ARG: an ordered set of genealogical trees along the genome with labeled
sample and nonsample nodes to specify how nodes are shared between trees (Fig 1D; [22]).
Considering this representation of an ARG, which we refer to as the tree representation, is
worthwhile because ARGs are often formulated (see Box 3) and operationalized in inference
(e.g., [36-38]) based on this representation. In the tree representation, each non-recombining
region has its own local tree that represents the region’s evolutionary history. If each recombi-
nation breakpoint occurs at a unique position in the genome, as you shift from one local tree
to the next (amounting to traversing one recombination breakpoint), the structure of the new
tree is identical to its neighbor except for a single edge that is removed and then affixed to a
(potentially) new node (Fig 1D). In computational parlance, this action is called a subtree-
prune-and-regraft operation [39]. When all recombination events occur at unique locations
and each event involves only 1 breakpoint, the total number of local trees will equal one more
than the number of recombination events defining the evolutionary relationships in the
genome. For example, in Fig 1 and 2, recombination events generate 3 trees. If recombination
events occur at the same location (a breakpoint represents >1 recombination event), then
moving between adjacent trees will involve a corresponding number of subtree-prune-and-
regraft operations (one representing each recombination event), and the tree count will be less
than one plus the number of recombination events.

Box 3: The succinct tree sequence

The correlated nature of an ARG’s local trees can be exploited to compactly encode the
trees in a data structure termed the succinct tree sequence or tree sequence for short (Fig
2A and 2B; [35,40]). The tree sequence defines the trees using 2 tables. The node table
contains an identifier and the timing of each node (first table in Fig 2B). The edge table
documents the edges shared between adjoining trees by recording the parent and oft-
spring nodes of each edge and the contiguous extent of the genome that each edge covers
(second table in Fig 2B). The key innovation here is that the data structure eliminates
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substantial redundancy. Instead of storing each tree independently, which would neces-
sitate duplication of shared nodes and edges, the tree sequence records each shared com-
ponent just once.

The basic tree sequence technically does not encode the full ARG, which includes all coa-
lescent and recombination events. The basic tree sequence only explicitly contains infor-
mation on the coalescent events and does not detail the timing and specific changes that
differentiate adjacent trees; [41] explain this distinction as follows: the full ARG “encodes
the events that occurred in the history of a sample” while the set of local trees recorded
in the tree sequence “encodes the outcome of those events.” Nonetheless, the tree
sequence can be elaborated with recombination information to more exhaustively docu-
ment genetic ancestry (e.g., [47,91]).

Several properties of the tree sequence have revolutionized ARG-based research. First,
its concise nature means that an immensity of genealogical information can be stored in
a highly compressed manner. The tree sequence is also a flexible format that can be aug-
mented with additional tables to store other information such as location metadata and
DNA data (e.g., third and fourth tables in Fig 2B; Fig 2A). Notably, relative to conven-
tional genotype matrix formats (Fig 2C), DNA data can be represented much more effi-
ciently using the tree sequence. For example, [41] estimated that the tree sequence
format could store genetic variant data for 10 billion haploid human-like chromosomes
in approximately 1 TB, which is many orders of magnitude smaller than the approxi-
mately 25 PB required to store these data in a VCF [67]. The efficiency of the tree
sequence also permits significant speed-ups in computation (e.g., through the imple-
mentation of fast algorithms). These features have enabled advancements in the scale
and scope of ARG-based analyses and are increasingly accessible given that the tree
sequence underpins a growing ecosystem of methods and software including tsinfer
[41], sc2ts [95], ARGinfer [91],msprime [47], and tskit [35] built to infer, sim-
ulate, and analyze ARGs. Further details on the tree sequence can be found in the papers
introducing and expanding the tree sequence [35,40,91] and in the documentation of
tskit [35].

With inclusion of all nodes involved in recombination and coalescence relevant to the sam-
ple nodes, it is straightforward to switch between the 2 ARG representations. As previously
discussed, the local tree for a particular non-recombining region can be extracted from the
graphical representation by starting at each sample node and tracing the lineages that transmit
the region through the ARG until all lineages meet in the MRCA. Conversely, you can recover
the graphical representation from the local trees by starting with the tree at one end of the set
and then sequentially working across the trees, combining the shared nodes and edges, adding
the nodes and edges that are not yet included in the graphical structure, and annotating each
edge with the non-recombining region(s) that it transmits. As a brief illustration, in Fig 1D,
the first 2 trees both contain nodes ® and @ with a connecting edge. In the graphical repre-
sentation, these shared components would be merged and the edge would be annotated with
the transmission of the regions between positions Ly and L, (as shown in Fig 1B).

A recombination event can have several consequences for the structure of adjacent trees.
First, it could alter the topology (i.e., the specific branching structure) if the new edge joins to a
node on a different edge (e.g., the first and second trees in Fig 1D). However, if the new edge
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Fig 2. The encoding of local trees and genotype data in the succinct tree sequence format. (A) Depiction of the local trees shown in Fig 1 with timing and
location of mutation events mapped onto the branches and the location of each site shown on the genome. The black, dashed lines represent the invariant sites
and the thicker, solid lines represent variant sites corresponding to each mutation. The trees are annotated with horizontal, dashed lines (labeled To—Try) that
denote either the timing of coalescence or mutation events. (B) The trees and genotype data in the succinct tree sequence format. The trees are specified with
the nodes and edges tables. The nodes table contains an ID and age for each node. The edges table contains the left (Genome start) and right (Genome end)
positions of the genome over which each edge persists, while the Parent column contains the nodes that transmit material to the nodes in the Child column.
The genotypic information is included in the sites [genomic position of each site (Position), ancestral state (Ancestral)] and mutations [derived state (Derived),
mutation timing (Age)] tables. (C) The equivalent genotype data for the 4 sample nodes stored in a more conventional matrix format with the rows
representing each sample node and the columns representing each genomic site. Note that with small amounts of genetic data such as this simple example, the
tree sequence may require more storage space than a standard genotype matrix format. However, when considering realistic genomes, the tree sequence rapidly
becomes much more efficient at storing genetic data with growing sample sizes [41].

https://doi.org/10.1371/journal.pgen.1011110.9002

joins to a different node on the same edge, the topology will remain unchanged, and only the
edge lengths (i.e., coalescent times) will be modified (e.g., the second and third trees in Fig
1D). It is also possible for the lineage to coalesce back into the same node, which would result
in no change to the tree structure. Each local tree contains every sample node because all
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samples possess the entire genome (and thus every non-recombining region represented by
each tree). However, the collection of nonsample nodes can differ across trees. If an ARG
includes all nodes (i.e., every nonsample node is retained), the absence of a node in a local tree
signals that it does not represent a genetic ancestor for that region. If an ARG has been simpli-
fied (unary nodes removed), the absence of a node either means that it is not a genetic ancestor
or that the node does not represent a genome in which coalescence occurred that involved the
sample nodes.

There are several key characteristics of an ARG’s tree representation. First, the subtree-
prune-and-regraft operations that differentiate adjacent trees highlight that nearby trees are
generally quite similar and frequently share many nodes and edges [28,30]. A series of shared
nodes and edges between trees indicates that the corresponding non-recombining regions
were found in the same lineage in that portion of the ARG. The correlated nature of the trees
can be exploited for highly efficient tree storage and computation (Fig 2A and 2B; see Box 3
for further details; [35,40]). Second, although local trees can overlap in structure, a tree can
contain components that are not universally found across the entire set of trees (e.g., in Fig 1D,
node ® in the first tree is not found in the third tree). One feature that can frequently differ
between trees is the node in which all sample nodes first find common ancestry (i.e., all line-
ages coalesce into a single lineage), which represents the region’s most recent common ancestor
(MRCA). When these local MRCAs exist at different times in the past, the trees will vary in
height [28]. If all genomic regions trace their ancestry back to the same ancestor(s) in an ARG,
the first node in which this occurs represents the Grand MRCA (GMRCA). It is possible for
the same node to represent the GMRCA and one or more local MRCAs. For example, in Fig 1,
node ® is the GMRCA and the local MRCA for the first 2 non-recombining regions. How-
ever, this is not always the case. In fact, the GMRCA frequently predates any of the local
MRCAs, which would result in it being absent from all of the (simplified) local trees.

Although the information contained in the graphical and tree representations of an ARG is
the same, many readers, especially those with a background in phylogenetics, may prefer to
think about ARGs via their tree representations. Unlike the graphical representation, each
local tree is a familiar object: it is strictly bi- or multi-furcating, meaning that each node has
exactly 1 ancestor and 2 or more descendants, and that therefore the tree contains no loops
(i.e., it is non-reticulate), and is the desired result of a phylogenetic analysis run on a multiple
sequence alignment of the DNA in the tree’s non-recombining region. Building off this intui-
tion, a phylogeneticist may draw on experience and imagine the set of local trees as analogous
to a Bayesian posterior distribution of phylogenies. However, although this intuition may be
initially useful, it is important to remember that each local tree is not independent of the oth-
ers, both because each is generally separated from its neighbors by a small number of recombi-
nation events (so is therefore highly correlated), and because the same nodes and edges may
appear across multiple local trees. The shared structure of trees imbues the nodes and edges
with different properties relative to the analogous components in a standard phylogeny. For
example, in a standard phylogeny, branches depict ancestor-descendant relationships through
time and thus are one-dimensional. In contrast, edges in an ARG exist both through time and
across the genome, and thus can be conceptualized as two-dimensional [42]. This two-
dimensionality can be seen in Fig 1B where edges extend along the vertical, time dimension
and also along different extents of the genome (edges contain different sets of genomic
regions). Equivalently, the genome dimension of edges manifests in an ARG’s tree representa-
tion (Fig 1D) through edges persisting across different sets of local trees. The overlapping
nature of local trees (i.e., shared nodes and edges) underlies much of an ARG’s utility and facil-
itates the power of ARG-based inference, which we discuss later in the review.
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Modeling coalescence with recombination

In population genetics, ARGs are commonly generated by simulating under Hudson’s [19]
model of coalescent with recombination, which is closely connected to the original conception
of ARGs [22]. Under this model, which assumes a Wright-Fisher population, a set of genomes
exists in the present and the lineages describing each genome’s ancestry are traced backward
in time. Either coalescence or recombination can occur, which represent competing events
with exponentially distributed waiting times. With coalescence, 2 lineages find common ances-
try and merge into one. With recombination, a genomic position is selected uniformly as the
breakpoint location. The offspring chromosome is inherited from one parental chromosome
on one side of the breakpoint and the other parental chromosome on the other side. Recombi-
nation splits a lineage into 2 backwards in time. This process produces a series of genealogies
across the genome that describes the ancestry of each genomic position. One question that
may arise here is whether recombination could preclude the lineages from finding common
ancestry because it increases the lineage count. However, backwards in time, the lineage count
grows via recombination at a linear rate (kR/2 where k = lineage count and R = recombination
rate), whereas lineages coalesce at a quadratic rate [k(k—1)/2], and thus finding common
ancestry is guaranteed [22]. Later in the review, we will be simulating under this model to
explore various features of ARGs.

ARGs in practice

In our introduction of ARGs, we mainly focus on the ancestors that are involved in common
ancestry and recombination of ancestral material. However, when navigating the literature, it
is important to recognize that the term ancestral recombination graph is frequently applied to
structures that differ in various ways from each other and potentially from how we describe
ARGs here. This variation stems from both terminological imprecision and inferential
limitations.

The degree of completeness in which genetic inheritance from ancestors to descendants is
documented can vary extensively. At the most comprehensive extreme, one could record all
the genomic material that is passed between ancestors and descendants regardless of whether
the material is ancestral or non-ancestral to the samples. Alternatively, one could render an
ARG comprehensive to only the focal samples by only keeping track of the material that is
ancestral to them (sometimes referred to as a full ARG). This structure could be further simpli-
fied in various ways such as removing nodes that are unary in one or more local trees.
Although these descriptions of ancestry vary in the information that they include, they have all
been referred to as ARGs in the literature [25].

Although ARGs may fully document genetic ancestry in theory, we rarely work with such a
comprehensive structure in practice. First, in empirical settings, it is not possible to infer all of
this information. The sample space of possible structures for a comprehensive ARG quickly
becomes impractically vast with increasing genome and sample sizes. Hence, assumptions and
shortcuts (e.g., the sequentially Markovian coalescent (SMC); [43]) are often employed [44],
which sacrifices a capacity to infer a comprehensive and fully accurate ARG for the sake of
computational tractability. There are also many components of ARGs that are largely unidenti-
fiable and thus are necessarily omitted. For example, contemporary samples can provide only
limited information on unary nodes, and certain features may be imperceptible in contempo-
rary samples. An example of this is a “diamond” structure [44], where (going backward in
time) recombination splits a lineage but then the lineages immediately coalesce again. Addi-
tionally, many sites in the genome are uninformative regarding the local tree topologies (e.g.,
invariant and singleton sites), which frequently precludes the identification of precise
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recombination breakpoint locations and other ARG features. More generally, patterns of
shared variants represent the information from which ARGs are inferred, while recombination
reduces the informative sites per genealogy by dividing the genome into smaller regions. ARG
inference will therefore tend to decline in accuracy when the ratio of mutations to recombina-
tion is low [45]. This tension between mutation and recombination imposes a theoretical limit
on ARG recoverability from sequencing data [46].

As a consequence of these obstacles, in practice, we are restricted in what we can infer
about genetic ancestry from genomic data. For example, t sinfer [41] infers the collection
of local trees and their shared structure (i.e., how nodes and edges overlap across trees) by first
estimating ancestral haplotypes and then deducing the tree topologies by inferring how haplo-
types relate to each other. This output can be thought of as representing the outcome of coales-
cence and recombination rather than completely encoding the events that generated the
relationships [41]. That is, we are inferring the relationships across the genome produced by
recombination and coalescence, but we lack detail on the recombination events that determine
how these genealogies exactly knit together in an ARG. Importantly, even if we can acquire
comprehensive information on genetic ancestry (e.g., in a simulation), many questions may
only require certain subsets of this information, such as the structure of local trees. To accom-
modate both the existing terminological ambiguity and the reality of how well we can infer
genetic ancestry, we permissively apply the term ancestral recombination graph to encompass
structures that document genetic ancestry in the presence of recombination at varying levels of
completeness.

Deepening ARG intuition with simulations

To further develop a foundational intuition for ARGs and reinforce content covered in the
primer section, we implemented a series of simulations using msprime v1.2.0 [47] and the
classical coalescent with recombination model. We completed post-simulation processing,
analysis, and visualization using tskit [35], numpy [48], and pandas [49] in Python 3.
11.2 [50] and the following packagesinR 4.2.3 [51]: TreeDist [52], ape [53],
ggtree [54], dplyr [55], ggplot?2 [56], ggforce [57], and ggridges [58]. We include
all code on GitHub (https://github.com/AlexLewanski/arg_review).

First, to illustrate several general features of ARGs, we focus on a single simulation involv-
ing 1 population with an effective population size of 100 diploid individuals, a genome size of
10 kilobases (kb), a sample size of 12 diploid individuals, and a uniform recombination rate of
5% 107 per base per generation. In the simulation, we recorded the full ARG, in which all
nodes involved in common ancestry and recombination are retained. We then simplified the
ARG structure, which involves removing unary nodes so that remaining nodes represent those
that correspond to at least 1 coalescence event in the genome. Across the 593 local trees gener-
ated from this simulation, tree height (TMRCA of each non-recombining region) varied
between 57.29 and 1,214.71 generations (non-integer generations are possible here because
simulations involved a continuous time model) with a mean+standard deviation of 448.87
+209.38 generations. The step-like pattern of tree height along the genome, in which height is
constant for a stretch, then suddenly jumps to another value, appears because each tree (with a
single height) applies to all sites in each non-recombining region (Fig 3A). As discussed in the
primer section, another ubiquitous feature of ARGs is that nearby local trees are often highly
similar. As a simple illustration of this, we quantified the dissimilarity of all pairwise combina-
tions of local trees using the (approximate) subtree-prune-and-regraft (SPR) distance [59,60],
which is the minimum number of subtree moves required to convert one tree to another only
based on tip identities (ignoring identities of internal nodes). The topologies of nearby trees
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Fig 3. Exploration of ARGs via coalescent simulations. Panels (A)-(G) visualize summaries for a single population simulation.
(A) Plot of tree height (TMRCA) along the genome with several example trees plotted along this sequence. (B) The topological
dissimilarities of all pairwise combinations of trees were quantified with subtree-prune-and-regraft (SPR) distance. The plot shows
SPR distance vs. the number of non-recombining regions separating each tree. The different shaded bands correspond to different
percentiles of SPR distance values at each tree separation count: 0-100 (lightest gray), 10-90, 20-80, 30-70, 40-60, 50 (black line).
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(C) Matrix of SPR distances for all combinations of trees organized by tree index (e.g., the 30th tree in the genome has an index of
30). (B) and (C) illustrate how nearby local trees are highly similar with similarity rapidly declining with growing number of
breakpoints separating the trees. (D) Tracking the genomic material for 1 sample node back in time through its genetic ancestors
recorded in the ARG. Continuous tracts of ancestral material get progressively smaller back in time as recombination repeatedly
breaks the tracts into smaller pieces. (E) The sizes of tracts of ancestral material swiftly decline going back in time. The plot shows
the mean (points) and 25th/75th percentiles of tract size (gray bars) for 20 generation bins. (F) The cumulative number of
recombination events occurring backward in time. (G) The number of nodes and node sharing across local trees in an ARG
quickly decline backward in time. The plot shows the location of each node in time (vertical axis) versus the proportion of local
trees that contains each node (horizontal axis). The marginal density plot along the vertical axis shows the distribution of nodes
through time. (H) A series of simulations with all conditions held constant except for population size. The left plot shows the
distribution of tree height for each population size with the purple points representing the mean value per single simulation run.
The right plot shows the mean tree count per simulation run with each point shaded with its mean non-recombining region size.
(I) A series of simulations with all conditions held constant except for gene flow rate. The plots are identical to (H) except that they
explore the effects of variation in gene flow rate instead of population size.

https://doi.org/10.1371/journal.pgen.1011110.g003

were highly similar, with similarity rapidly attenuating with increasing breakpoint separation
between trees (Fig 3B). This can also be seen in the matrix of SPR distance values (Fig 3C),
with lower values clustered around the diagonal (trees with similar indices and few intervening
non-recombining regions) and values rapidly increasing away from this region. The attenuat-
ing similarity can also be qualitatively observed in the example trees included in Fig 3A, where
the second and third trees, which are adjacent (the 437th and 438th trees, respectively), appear
highly similar and are both clearly different in structure compared to the more distant first
(45th) and fourth (576th) trees.

Next, using the same simulation, we tracked genetic material found in the sample nodes
back in time through the samples’” ancestors recorded in the ARG (ancestral material). Because
we had already simplified the ARG, every non-sample node that we examined represents a
common ancestor of at least 2 sample nodes. The simplified nature of the ARG also means that
we were only tracking material back to the local MRCAs of each region. Fig 3D displays the
location of ancestral material (horizontal axis) and the timing of the ancestor (the age of the
node) carrying that material (vertical axis) for a single sample node from the simulation. At
the contemporary time point (time = 0), the tract of ancestral material spans the entire genome
because this represents the sample node that by definition possesses its entire genome as a sin-
gle haplotype. Traveling back in time (up the vertical axis in Fig 3D), the tracts of ancestral
material are broken up into small pieces. Consequently, the average tract length of ancestral
material peaks in the contemporary time period and rapidly declines back in time (Fig 3E; this
figure is based on ancestral material of all sample nodes). This pattern emerges because the
cumulative number of recombination events that have occurred in the transmission of ances-
tral material grows through time (Fig 3F), resulting in the fragmentation of ancestral material
into progressively smaller pieces.

This pattern can also be understood through the lens of node-sharing across the local trees.
At the present, every node is shared across all trees because all regions of the genome are
found in each sample node. However, moving back in time, the tracts of ancestral material
become progressively smaller and thus span fewer non-recombining regions. This results in a
decline in node-sharing across trees further back in time; any particular node is carrying
ancestral material for a decreasing number of non-recombining regions. Fig 3G depicts this
phenomenon. Nodes with the highest proportion of sharing between trees are exclusively
located near the present, while nodes located further back in time (higher up the vertical axis)
show low proportions of sharing. The reduced node-sharing through time corresponds to vari-
ation in how quickly the trees change at different time periods. Near the present, the high
degree of node-sharing means that tree structures remain fairly stable. However, the more
rapid turnover of nodes at deeper time points translates into faster changes as you move across
the trees further back in time.
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A variety of variables can systematically modify features of an ARG. As a brief illustration,
we examined how effective population size and gene flow, which frequently vary across studies
and systems, influence 3 fundamental features: tree height, the number of local trees, and the
size of non-recombining regions in an ARG. For the population size demonstration, we com-
pleted a set of simulations that kept all variables constant (sequence length = 10 kb, recombina-
tion rate = 3 x 10~ per base per generation, sample size = 10 diploid individuals) except for
population size, which varied between 50 and 1,000 in increments of 50 (a total of 20 popula-
tion sizes with 30 replicates per size). Tree height and local tree count both increased while
mean region size decreased at greater population sizes (Fig 3H). The correlations between pop-
ulation size and the 3 variables emerge because, with higher effective population sizes, coales-
cent times will tend to increase because more individuals exist that act as possible ancestors
and thus there is a lower probability of any 2 lineages finding common ancestry in a particular
generation (see [61,62] for accessible introductions to this and other fundamental coalescent
concepts). Because of the deeper coalescent times (which result in greater tree heights), more
opportunities exist for recombination to occur, which results on average in more local trees
and smaller non-recombining regions.

We generated another set of simulations for the gene flow demonstration where we kept all
variables constant (sequence length = 10 kb, recombination rate = 3 x 107> per base per gener-
ation) except for migration. We simulated 2 populations of 500 individuals each that merged
(backwards in time) after 5,000 generations. While the populations were separated, one of the
populations (the recipient population) experienced continuous, unidirectional gene flow from
the second population (the donor population) forward in time. We varied the migration rate
between 0 and 9.5 x 10~ in increments of 5 x 107° (a total of 20 different migration rates with
30 replicates per rate). We then sampled 10 diploid individuals from the recipient population.
With increasing gene flow, trees tended to increase in height on average, which was associated
with increasing bimodality in the distribution of tree heights. This bimodality phenomenon
emerges because the presence of 2 populations along with gene flow result in 2 distinct time
periods during which lineages can coalesce [63,64]. The left mode of the distribution corre-
sponds to non-recombining regions whose entire history postdating the population split
occurred within the recipient population, and thus coalescence for that region could occur
fairly rapidly (small TMRCA values). However, with gene flow, part of a non-recombining
region’s history can occur in the donor population. Consequently, a region whose ancestry
involves the donor population must wait until the 2 populations merge in the ancestral popula-
tion before finding its MRCA. This results in the second, later mode in tree heights. The slight
trends of increasing tree count and decreasing region size at greater migration rates occur
because the tree heights are increasing on average, which provides opportunities for more
recombination events.

Note that the ARG summaries we have reported here—tree height, number of local trees,
length of non-recombining regions, similarity and node-sharing between local trees—only
represent a small glimpse into the innumerable ways that ARGs can be dissected and summa-
rized. We chose this set to exemplify fundamental features of ARGs and illustrate how they
reflect and can therefore be informative about demographic and evolutionary phenomena that
are frequently of interest in evolutionary genomics.

ARGs in evolutionary genomics

From a practical perspective, 2 questions logically ensue from the ARG introduction: what is
the utility of ARGs in evolutionary genomics, and what advantages do they impart relative to
existing approaches? As with many methodological advances, ARGs can offer multiple
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benefits, including strengthening our ability to answer existing questions and opening up
entirely new fields of inquiry.

To understand how ARGs facilitate empirical inferences that are equal or superior to exist-
ing approaches, it is helpful to consider 2 topics: (1) how ARGs are shaped by evolutionary
phenomena; and (2) how ARGs juxtapose with the prevailing approaches to address questions
in evolutionary genomics. A critical idea is that the genealogies underlying the genome are the
ultimate record of evolutionary history. The structure of an ARG is governed by processes,
including selection, drift, and gene flow, that regulate the fitness and relatedness of haplotypes.
The genomic composition of individuals is precisely reflected in an ARG’s structure because
ARGs encode the ancestral source(s) of samples’ genomes, including how new mutations are
propagated through time and across individuals (Fig 2A). Consequently, the genomes of sam-
pled individuals and any summary of their content represent derivatives of the underlying
ARG, and many of these genomic summaries can be reinterpreted as explicit descriptions of
the ARG [65,66].

Currently in evolutionary genomics, genomic data are typically stored as a genotype matrix
(e.g., a VCF file [67]; Fig 2C). The data are distilled down to a variety of summaries such as
principal components [68,69], F-statistics [70-72], or the site frequency spectrum (SFS) that
each reflect particular attributes of the samples’ genomes. From these measures, we attempt to
infer past phenomena (e.g., selection, demographic changes) that gave rise to the observed
data, under the premise that disparities in the generative process translate to corresponding
differences in genomic summaries. Indeed, these summaries can often provide powerful and
accurate insights into evolutionary processes, and the field of statistical population genetics
has made extraordinary strides in divining evolutionary processes from summaries of genetic
and genomic data in the 6 decades following the first empirical measurements of molecular
genetic variation [73]. As previously discussed, each summary measure calculated from these
data (e.g., the SFS, Fsp, 7, 0, individual heterozygosity, identity-by-state, identity-by-descent) is
alow-dimensional summary of an ARG, so, to the extent that our ARG reconstruction meth-
ods are accurate and statistically consistent [74], we can recover any of these quantities at least
as accurately as they are estimated from the genomic data from which an ARG is inferred [66].
[See [65,66] for instructive discussions of the ways common summaries of genomic data (and
many other quantities) can be calculated and interpreted with ARGs]. And, because ARGs can
offer computational efficiencies over traditional methods of storing genomic data, in many
cases these quantities can be calculated more easily, and with less computational overhead,
from ARGs [66,75].

A growing assortment of methods is demonstrating the strengths of ARG-explicit
approaches. For example, [75] devised a method to efficiently represent linkage disequilibrium
(LD) based on genomic genealogies (LD graphical models). These LD graphical models enable
orders-of-magnitude reductions in computation time and memory usage for LD matrix com-
putations and facilitate better polygenic prediction compared to a similar method using the
LD correlation matrix. As another example, [76] found that an expected genetic relatedness
matrix calculated from an ARG in a given genomic region more accurately captures relation-
ships than the empirical genetic relatedness matrix calculated in the same region. The higher
accuracy of these approaches may seem counterintuitive; after all, empirical ARGs are esti-
mated from genomic data, so how could statistical inferences conducted on an ARG be more
accurate than those made directly from the genotype matrix? To see how this can occur, con-
sider the structure of the genealogies that comprise an ARG. Each local tree is usually separated
from that of the adjacent non-recombining region by a small number of recombination events,
leading to high correlation in the genealogical relationships contained in nearby trees (e.g.,
Figs 1D, 3B, and 3C). Because of this correlation, the other trees contain information about
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relatedness between samples in a focal tree. The mutational process is intrinsically random, so
that the true genealogical relationships between a set of samples may not be apparent in pat-
terns of shared variation associated with any particular region. By leveraging the information
about relationships between samples contained across the entire set of trees, we can, in princi-
ple, side-step some of the “noise” in the data that exists due to the randomness of the muta-
tional process [66].

Reference [38] provides another illustration of how ARGs can improve inferences in evolu-
tionary genomics. The authors introduced a new framework (gLike) for calculating the like-
lihood of a genealogy under a defined demographic history; this framework can be used for
demographic inference from an ARG’s local trees. Using simulations, they found that, com-
pared to a popular SFS-based method (fastsimcoal2 [77]), gLike yields more accurate
inferences based on both the true genealogies and genealogies inferred from the simulated
genomic data. The better performance of gLike arises because a local tree’s structure (e.g.,
coalescent times, topology) is sensitive to the underlying demographic history, and thus
explicit analysis of the trees and their attributes can lead to accurate inferences. In contrast,
information is inherently discarded by working with summaries of an ARG like the SFS. The
coarseness of this summary can result in multiple histories mapping to the same SFS in some
situations, rendering precise and accurate recovery of the true history more difficult.

Beyond facilitating more efficient and accurate inferences, the increasing availability of
empirical ARGs will foster entirely new fields of ARG-based inquiry. A useful analogy here is
the way in which the field of phylogenetics opened up the associated field of phylogenetic com-
parative methods. For example, the question of whether diversification rates vary across a phy-
logeny [78,79] is impossible to pose, let alone answer, without a phylogeny. It is difficult to
guess what form the “comparative methods” field of ARGs (i.e., not just asking existing ques-
tions better or faster, but entirely new questions that are predicated on ARGs) will take, espe-
cially as empirical ARG inference is still in its infancy. However, we can highlight one
particularly exciting direction that has already begun to materialize: geographic inference with
ARGs.

The recent advances in the reconstruction of ARGs have sparked a revolution in spatial
population genetics. In particular, several recent approaches [33,80] have begun to explore the
feasibility of inferring the locations of the genetic ancestors of sampled individuals across
space and through time. Although similar geographic inference has been done using non-
recombining gene regions (e.g., [81-83]) or a single phylogenetic tree (“phylogeography”
[84]), it is only with an ARG in hand that it has become feasible to infer locations for all the
genetic ancestors of a sample. This power, in turn, has facilitated massively more detailed and
nuanced understanding of how organisms move across space and through time. For example,
[80] inferred the mean effective dispersal distance of Arabidopsis thaliana and [33] recovered
the broad strokes of human dispersal history over the last 800,000 years. In the future, this type
of inference of ancestral locations could empower specific and biologically principled defini-
tions of “admixture” (e.g., 12.5% of the genetic ancestors of a focal individual are estimated to
have lived inside a particular geographic region at a particular slice of time) [85]. The exciting
enterprise of geographic inference of ancestor locations (more precisely, of the geographic
locations of nodes in an ARG) and of the concomitant historical patterns of dispersal and den-
sity described by a sample’s georeferenced genealogy, is entirely predicated on the existence of
an inferred ARG for a set of samples.

An important qualifier to this discussion is that, despite the evident promise of ARG-based
inference, there is still uncertainty about the extent and contexts that this promise can be real-
ized in empirical applications. One of the main reasons for this uncertainty is, despite some
awareness of empirical limits on ARG reconstruction, much remains unknown regarding the
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degree of accuracy needed to make quality downstream inferences from ARGs. For example, do
accurate inferences generally require high precision and accuracy in all features of ARGs? Or do
some questions perhaps only require accuracy in specific features of ARGs, such as node heights
or local topologies. Available evidence suggests that this latter statement is likely true. For exam-
ple, for ARG-based reconstruction of demographic history, [38] found that inferences were
more accurate using ARGs inferred with tsinfer+tsdate [33,41] than Relate [86],
which they attribute to better estimates of recent coalescent times by t sdate. Conversely, cal-
culations of genome-wide expected relationship matrices were more accurate with ARGs from
Relate than tsinfer+tsdate, which may stem from Relate’s more accurate recon-
struction of deeper portions of ARGs [38,87]. More exhaustive knowledge of the sensitivities
and requirements of downstream inferences will help uncover the particular facet(s) of ARG
reconstruction whose improvements would be most beneficial, and will also help delineate the
limits that empirical ARG reconstruction will enforce on downstream inferences.

Conclusions

In this review, we aimed to introduce ARGs, articulate the capacity of ARGs to enhance the
study of evolutionary genomics, and describe the current and/or forthcoming practicability of
using ARGs in empirical- and simulation-based research. Indeed, ARGs have the potential to
advance evolutionary genomics in both minor and profound ways ranging from improving
implementation of existing approaches (e.g., faster calculation of traditional population genet-
ics statistics) to inspiring novel and previously inaccessible avenues of study. The nature and
extent to which ARGs will reshape the field remains unclear and will depend on fundamental
limits regarding the information contained in empirical ARGs, the degree to which ARGs are
integrated into the methods canon of evolutionary genomics, and our collective ingenuity.

How do we fully capitalize on ARGs? First, a broader suite of inference methods and tools
based on ARGs must (continue to) be developed, evaluated, and made readily accessible to the
broader community. Until now, most ARG-based methods development has concentrated on
ARG reconstruction and simulation. Although these topics will benefit from additional prog-
ress, we are reaching a stage where empirical- and simulation-based ARGs can be realistically
acquired in many situations and readily stored and manipulated with an increasingly mature
and powerful software infrastructure (e.g., t skit). A more expansive body of methods built
on ARGs will enable wider adoption of ARG-based inference. The incipient nature of ARG
methods presents an opportunity for more extensive synthesis and synergy between evolution-
ary genomics and both phylogenetic comparative methods and phylogeography. These fields
have developed a sizeable assortment of phylogenetic methods that could be co-opted and
modified for tree-based inference in the context of ARGs. Fully capitalizing on our growing
ARG capabilities will clearly require a receptivity to new genealogically explicit approaches
and ideas that have so far only featured sparingly in empirical evolutionary genomics. How-
ever, with a concerted embrace of ARGs, we are confident that this “holy grail of statistical
population genetics” [45] will further realize its potential for many questions in evolutionary
biology.
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