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ABSTRACT
We review three areas of human genetics that have been developed in the past few decades, in which statistical innovation
has made a crucial contribution with recent important advances and the potential for further rapid progress. The first topic
is the development of mathematical models for the genealogy underlying samples of genome-wide genetic data. Coalescent
theory emerged in the 1980s, leaped ahead in the past decade and is now burgeoning into new application areas in population,
evolutionary and medical genetics. The second is the development of statistical methods for genome-wide association studies
which hasmade great strides over two decades, including exciting recent developments for association testing based on coalescent
theory and improved methods for trait prediction. Finally, we review the statistical ideas that helped resolve the controversies
surrounding the introduction of forensic DNA profiling in the early 1990s. Big advances in interpretation of the predominant
autosomal DNA profiles have set a benchmark for other areas of forensic science, but the statistical assessment of uniparentally
inherited profiles (derived from the mitochondrial DNA or the Y chromosome) remains unsatisfactory.

1 Introduction

This review covers aspects of three areas of recent statistical
advance in human genetics: modelling shared inheritance of
DNA segments and what they can tell us about demographic
history and selection, modelling relationships between DNA
variants and phenotypes and what they can tell us about genetic
causes and predicted phenotypes, and identification inferences
from DNA profiles. While these topics span much of human
genetics research, there is much that is missing, perhaps most
notably we do not attempt to cover the vast array of multivariate
statisticalmethods and dynamicmodels of processes thatmediate
the genotype–phenotype relationship, including transcriptomics,
metabolomics, proteomics and epigenetics. Some of these pro-
cesses are now studied at the level of individual cells (Sarkar and
Stephens 2021; Argelaguet et al. 2021). We also exclude micro-
biome studies of external and internal human environments
(Nearing et al. 2022). Another omission is descriptive analyses

of worldwide human genetic variation, such as the People of the
British Isles project (Leslie et al. 2015) and the study of indigenous
Australian genomes (Silcocks et al. 2023).

2 Coalescent Models for Genome-Wide Data

The coalescent is a mathematical model for the genealogy under-
lying a sample of DNA sequences. Coalescent theory was first
developed in the 1980s (Kingman 1982; Hudson 1983; Tajima 1983)
and inference based on the single-locus coalescent emerged in the
1990s (Griffiths and Tavaré 1994). In the past decade, genome-
wide inference based on the coalescent with recombination has
become feasible. Initially, this was limited to modest sample
sizes but advances in graphical structures for storing genetic
datasets, based on coalescent ideas, led to dramatic progress in
simulation of large, genome-wide datasets and in inference of
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genealogical history and evolutionary parameters. Now a new
phase of advances is making inroads into many areas of genetics
research, including the analysis of genome-wide association stud-
ies (GWAS), and inferences of population demographic history
and mechanisms of selection. Joint modelling of the genealogies
of entire genomes for large samples has long been a dream of
genetics researchers and is fast becoming reality.

2.1 Introduction to the Coalescent Model

In the absence of recombination, the standard coalescent (Hein
et al. 2005; Nordborg 2019) specifies a probability distribution
over binary trees, with leaf nodes, internal nodes and branches
representing, respectively, observed sequences, shared ancestral
sequences and genetic inheritance lineages. Coalescent time
is measured backward from the most recent sampling time
(at generation 0), and the branches progressively merge (or
‘coalesce’) backward in time until a single lineage remains, at the
most recent common ancestor (MRCA) for the locus.

This backward-in-time approach was revolutionary, being much
more computationally efficient than forward-in-time approaches
because only ancestors of the sampled genomes need to be
tracked, and due to coalescences these rapidly diminish in num-
ber going backward in time. However, forward-in-time models
such as the Wright–Fisher model retain advantages of flexibility,
for example, to incorporate complex models for demography
and selection.

A simple version of the coalescent model is derived under
the assumption of neutrality in a random-mating population of
𝑁(𝑔) diploid individuals, 𝑔 generations in the past. Typically
sampling is at 𝑔 = 0, but samples can also contain ancient
DNA sequences sampled at 𝑔 >0. Assuming that 𝑁(0) is large,
the coalescence times of different pairs are independent with
probability 1∕(2𝑁(𝑔)) in generation 𝑔. In the case of the standard
coalescent (𝑁(𝑔) constant), this leads to a simple probability
model with independent and geometrically distributed times
between coalescence events (exponentially distributed in the
continuous-time approximation). For more general 𝑁(𝑔), the
simple probability structure of the standard coalescent can be
recovered by a time rescaling proportional to 1∕𝑁(𝑔).

A simplifying feature of neutral coalescent models is that the
genealogical tree is independent of the mutation process. This
paves the way for Bayesian statistical inference in which the
coalescent model (without mutation) plays the role of a prior
distribution that is updated based on the sequence data using a
likelihood function incorporating a mutation model. To enhance
computational speed, mutation models within coalescent anal-
yses often rely on simplifying assumptions, such as that the
ancestral and derived alleles are known and the ‘infinite sites’
assumption (Kimura 1969) that at most one mutation occurs in
the genealogy underlying any site. Bayesian approaches have
been implemented within Markov-chain Monte Carlo (MCMC)
(Kuhner et al. 1995; Wilson et al. 2003), and within importance
sampling, in which genealogical trees are simulated under an
approximatingmodel, and then reweighted according to the ratio
of likelihoods (Griffiths and Tavaré 1994; Stephens and Donnelly
2000).

One of the first applications of coalescent-based inference to
real (Y chromosome) data (Tavaré et al. 1997) used a rejection-
sampling approach that developed into a major new branch of
statistical inference, approximate Bayesian computation (ABC)
(Sisson et al. 2018). ABC was initially formulated to tackle
demographic inference from genetic data (Beaumont et al. 2002)
by simulating datasets under a prior coalescent model which
are accepted/rejected (or more generally reweighted) according
to their similarity with the observed data. Thus, multiple data
simulations, which are often straightforward to program though
can be computationally costly, replace the often-intractable
likelihood calculation. Measuring similarity between datasets
usually involves the comparison of summary statistics, which
should ideally be easy to compute and close to sufficient for the
parameters of interest (Nunes and Balding 2010).

2.2 The Ancestral Recombination Graph

The coalescentwith recombination (CwR) (Hudson 1983) reduces
to the coalescent at each genome site but incorporates recom-
binations which occur independently at rates specified by an
arbitrary recombinationmap.Under theCwR, the trees at distinct
sites on the same chromosome are often identical if the intersite
genetic distance is small, but because of recombinations they
tend to diverge as this distance increases. The CwR is remarkably
robust to many of its simplifying assumptions (Wakeley et al.
2012), but it performs poorly when both the sample size 𝑛 and
the recombination length are large, inwhich case forward-in-time
models may be preferred (Baumdicker et al. 2022).

Griffiths and Marjoram (1997) developed a convenient formu-
lation of the CwR as an ancestral recombination graph (ARG).
They defined the ARG as a random graph with, in addition to
coalescence nodes, recombination nodes at which an ancestral
lineage branches,with each branch recording the ancestry further
back in time on one side of the recombination site. The term
ARG is often used for one realisation of the random graph, which
may represent the true genealogical history of the sample or
an estimate of it, and it can be represented by different data
structures (Wong et al. 2024).

In addition to being a stochastic process over time, the CwR can
be viewed as a ‘spatial’ process along the genome, with the state
at each genome site being a coalescent tree (Wiuf and Hein 1999).
While this spatial sequence of coalescent trees can be derived
from an ARG, its data structures are much more efficient. The
spatial process is non-Markov, meaning that given the tree at
one site, the trees to the left of that site can be informative
about trees to its right. The dependence is due to ‘trapped non-
ancestral’ genome segments, which are not ancestral to any of the
sampled sequences but lie between segments that are ancestral.
The sequentially Markov coalescent (SMC ′) (Marjoram andWall
2006), which improves the earlier SMC (McVean and Cardin
2005), prohibits coalescences that would create trapped non-
ancestral sites, providing a process that closely approximates the
CwR but is Markov along the genome and hence more tractable.

The development of the succinct tree sequence (TS) graphical
structure for representing the ARG of a sample of genome
sequences (Kelleher et al. 2016) has proved to be a breakthrough
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that has stimulated many advances in ARG-based inference
methods. Recombination events are not explicitly stored in the
TS, but recombinations that change the tree topology can be
extracted as the end points of shared genome segments. The TS
achieved dramatic reductions in data storage requirements and in
computation time to simulate genome-scale datasets, both under
the CwR, for example, using MSPRIME (Kelleher et al. 2016;
Baumdicker et al. 2022), and forward-in-time under complex
demographic and selection scenarios using SLiM (Haller et al.
2019).

The key to these efficiencies is that genome segments that are very
similar across observed sequences are stored as putative ancestral
sequences that could have generated the similarity through
shared inheritance. This goes well beyond simply recording only
once a tree that is conserved over multiple genome sites: each
tree node is stored only once, along with the genome segment
over which it is conserved. The storage efficiency gains can be
achieved even if the inference of shared inheritance is inaccurate,
but in analogy with the parsimony principle, the most efficient
storage is usually achieved by a good approximation to the
actual genealogical history of the observed sequences since their
MRCA. Thus, in addition to the data compression gains, the
TS data structure can provide an efficient basis for inference of
evolutionary and demographic parameters (Fan et al. 2025). It
follows that, unlike most other forms of data compression, the
compressed dataset is more useful than the original (Kelleher
et al. 2019) and decompression is rarely needed.

2.3 Software for Inferring ARGs

The Bayesian MCMC software ARGweaver (Rasmussen et al.
2014) provided a major advance in genome-wide ARG inference.
It remains one of the most accurate methods for inferring ARGs
but is limited to 𝑛 ∼ 10. ARGweaver assumes the SMC ′ model,
whereasARGinfer (Mahmoudi et al. 2022) further improves infer-
ence by using an augmented TS under the full CwR. An extension
ARGweaver-D incorporates population structure and was used
to infer ancient gene flow among hominins (Hubisz et al. 2020).
SINGER (Deng et al. 2024), currently under development, is
claimed to go beyond the capacity and robustness of ARGweaver
in Bayesian ARG inference, increasing feasible 𝑛 to ∼ 102.

RELATE (Speidel et al. 2019) models branch lengths probabilis-
tically, but a single tree topology is fitted in genome regions.
It uses a model for haplotype ancestry similar to that of N. Li
and Stephens (2003), which underpins many developments in
statistical genetics over the past two decades. RELATE can handle
𝑛 ∼ 104 and has been applied to infer human genealogical history
(Speidel et al. 2025) and mechanisms of selection (Speidel et al.
2019).

TSinfer (Kelleher et al. 2019) uses the TS data structure to
achieve big gains in computational efficiency for ARG inference.
It outputs a single ARG with no measure of uncertainty of
inferences, whereas ARGweaver and ARGinfer both approximate
a Bayesian posterior distribution allowing flexibility in reporting
uncertainty. TSinfer records only the ordering of ARG nodes and
not branch lengths, but it is complemented by TSdate which
provides Bayesian inference of the lengths of branches in an

ARG output by TSinfer (Wohns et al. 2022). TSinfer was the
first ARG inference software to handle biobank-scale datasets
(𝑛 > 105) and remains the fastest. It has attracted a community
of developers that have contributed to making it user-friendly
and complemented by a range of ancillary software in TSkit, the
TS toolkit.

Brandt et al. (2022) give quantitative comparisons finding broadly
that, when computationally feasible, ARGweaver is more accu-
rate than RELATE which is more accurate than TSinfer, the
reverse ordering of the feasible 𝑛.

2.4 Using ARGs to Advance Genetics Research

Efficient ARG inference is revolutionising genetics research
because the summary statistics that have traditionally been used
to extract information from genome sequence data are generally
more statistically efficient when replaced by ARG-derived ana-
logues, and these are often also more computationally efficient
(Ralph 2019; Ralph et al. 2020). Among many other examples,
some outlined below, Fan et al. (2022) find that ARG-derived
measures of relatedness are superior to widely used correlation-
based coefficients, and Salehi Nowbandegani et al. (2023) present
ARG-based measures of linkage disequilibrium (LD) that are
more efficient than traditional pairwise LD statistics.

In particular, an ARG estimating the genealogy underlying a
genetic sample can capture all the information in the sample
about the demographic history of the population from which
the sequences were drawn. It can therefore be used in place
of the original sequence data for inference of population size
and structure, and migration rates. Further data reduction via
summary statistics, typically with some loss of information, is
often required to make inferences tractable. Common summary
statistics include allele frequencies (Moorjani and Hellenthal
2023) and ARG-derived estimates of the TMRCA (time since the
MRCA) along the genome. H. Li and Durbin (2011) used TMRCA
estimates to draw inferences about historic population sizes from
a single diploid individual, noting that due to recombinations
the genome of an individual represents a sample of partial
genomes frommany individuals in past generations. The method
has been developed to handle larger 𝑛, by combining pairwise
comparisons (Schiffels and Wang 2020). Demographic inference
remains challenging, in particular, it is difficult to distinguish
population-size changes from changes in population structure
(Mazet et al. 2016).

A powerful illustration of ARG-based inferences was provided by
Wohns et al. (2022), who used TSinfer to estimate the genealogical
history of 3601 modern and eight ancient genomes from around
the world. The reconstructed ARG was used to confirm features
of human evolutionary history and to describe the current popu-
lation structure using pairwise TMRCA estimates extracted from
the ARG. The authors also estimated the locations of our human
ancestors at different time depths, assuming that an ancestor
occupied a central position among the geographic locations of
its descendants.

ARG inference has been applied to improve the power of GWAS
(B. Zhang et al. 2023), using software ARG-Needle that, like
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TSinfer, can handle biobank-scale datasets. The authors find that
ARG-Needle is more accurate than TSinfer, but it is slower and
uses more memory. By using simulation in inferred genealogies
to investigate the effects of unobserved causal variants, it is more
efficient than imputation, the prevailing approach which was
itself a major advance 15 years earlier (Marchini et al. 2007).
Since the ARG is constructed from only the observed sample
there is no requirement for a population-specific reference panel
as required for imputation. ARG-Needle can assess both rare
and common variants in a single analysis, whereas previously
different methods were required in separate analyses. It also
performs fine-mapping by including the effects of local variants
and incorporates effects of relatedness and population structure
in a way that is potentially superior to current approaches based
on pairwise relatedness coefficients, discussed below.

Genome segments that are similar across two sequences may
share a common ancestor and are called identical-by-descent
(IBD), although mutations may have occurred since the MRCA.
The lengths of inferred IBD segments arewidely used as summary
statistics for inferences of demographic or evolutionary param-
eters, or population association (Tian et al. 2022; Chen et al.
2023; Moorjani and Hellenthal 2023) and hence methods to infer
IBD segments have been a focus of research (Zhou et al. 2020).
Short IBDs generally correspond to more remote shared ancestry,
and because these are often poorly inferred, a length threshold,
typically around 2 cM, is imposed on the IBDs used for inference.

Given a TS inferred from a genome dataset, for each pair of
sequences it is straightforward to partition chromosomes into
segments with the same MRCA. This ARG-derived IBD is used
within anABC framework to infer demographic and evolutionary
parameters (Huang et al. 2025). Imposing even a very low-
length threshold was found to decrease the quality of inferences,
which may be counter-intuitive given the inaccuracy of inference
for short IBDs. In fact, inferences based on inferred IBD were
found to be only moderately less powerful than when true IBDs
(available in simulation studies) were used for inference.

CLUES (Stern et al. 2019) and SIA (Hejase et al. 2022), based on
MCMC and deep learning algorithms, respectively, both exploit
ARG inference to improve on previous methods for inferring
selection. For reviews of recent developments in ARG-based
research, see Brandt et al. (2024) and Nielsen et al. (2025), while
Lewanski et al. (2024) provide a gentle introduction to the ARG
with applications in evolutionary genomics.

3 Models for Association, Prediction and
Heritability

GWAS have had a revolutionary impact on human genetics over
the past two decades, thanks in large part to advances in statistical
methods. Much has improved since one of us reviewed early
statistical methods (Balding 2006), just ahead of the ground-
breakingWellcome Trust Case Control Consortium (2007) report
of seven GWAS that set a standard for statistical rigor while
also introducing innovative methods. Another landmark is the
UK Biobank (Bycroft et al. 2018) with sequence data and rich
phenotyping for almost 5 × 105 individuals.

For each of 𝑛 individuals, a GWAS typically consists of the geno-
types at 𝑚 SNPs, and one or more phenotypes (or traits) which
can be at the organism level, such as blood pressure or a disease
state, or at the molecular level, such as abundances of transcripts
or proteins. Different motivations for a GWAS include

1. Association analysis: Which SNPs can be confirmed as con-
tributing causally to the trait, either directly or by tagging
(being in LD with) an ungenotyped causal variant?

2. Prediction: What is the best phenotype estimate for a new
individual whose genome-wide genotype is available?

3. Heritability analysis: How are causal effects underlying a trait
distributed over the genome?

The (narrow-sense) heritability of a trait is the proportion of
variance explained by genetic predictors in an additive model.
The heritability of a SNP increases with both its effect size and its
frequency, providing a useful currency for measuring its genetic
impact on a trait. By combining over SNPs, we can estimate
the heritability of genome regions or quantify the impact of
quantitative predictors such as measures of LD.

3.1 Statistical Models for GWAS

We write 𝑥𝑗 for the length-𝑛 vector of genotypes at the 𝑗th SNP.
While genotypes for diploid individuals may initially be coded as
0, 1 or 2 copies of a reference allele, we assume that the 𝑥𝑗 have
been standardised so that 𝔼[𝑥𝑗] = 0 and 𝕍ar[𝑥𝑗] = 1 for each 𝑗.
The workhorse of genome-wide genetic inference is the multiple
linear regression model:

𝑦 = 𝜖 +
𝑚∑
𝑗=1
𝛽𝑗𝑥𝑗, (1)

where 𝑦 is a vector of phenotype values, assumed here to be
standardised, and 𝜖 is a vector including both environmental
contributions to the trait and genetic effects not captured by the
𝑥𝑗 . The effect size 𝛽𝑗 is either the causal effect of SNP 𝑗 itself
or a component of the effect of an unobserved variant that is
represented only by SNP 𝑗. Note that LD can inflate single-SNP
estimates 𝛽𝑗 , for example, 𝛽𝑗 can differ significantly from zero
even if 𝛽𝑗 = 0.

Only additive effects are included in (1), ignoring both dominance
and epistasis which play a role in many traits but usually make
only small contributions to complex traits (Wei et al. 2014; Z. Zhu
et al. 2015). The summation term in (1) is referred to as a polygenic
score (PGS) or, for binary traits, a polygenic risk score (PRS). A
fitted PGS (with the 𝛽𝑗 replaced by 𝛽𝑗) can be used for prediction,
see below.

While (1) has the form of a common statistical model, it is ill-
posed in practice for genome-wide inference because typically
𝑚 ≫ 𝑛 (‘too many predictors’). Even if 𝑚 < 𝑛, the 𝛽𝑗 are not
identifiable in the presence of LD (dependence among the 𝑥𝑗).
Both these problems are insoluble, but there are various ways
to ‘regularise’ (1) to obtain useful solutions. It is important to
note that no one regularisation approach is correct, different
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approaches can lead to noticeable differences in inferences and
individual 𝛽𝑗 can still be poorly estimated.

Early regularisation approaches emphasised subset selection, in
which a large fraction of SNPs is excluded as being unlikely to
contribute causally to the trait. However, many complex traits
have turned out to be highly complex, with a large number
of weak causal effects, dispersed widely across the genome. In
recognition of this complexity, the term ‘omnigenic’ has been
coined (Boyle et al. 2017), extending the traditional hierarchy
of monogenic, oligogenic and polygenic. Weak effects can be
cumulatively important, yet individually indistinguishable from
no effect, which makes subset selection unsatisfactory.

Since J. Yang et al. (2010), a penalisation approach to regu-
larisation, which ‘shrinks’ estimates 𝛽𝑗 towards zero, has been
favoured. While the penalty function need not be a probability
density, it often is and it is convenient to refer to it as a prior for
the 𝛽𝑗 even though the analysis may not be Bayesian. Ideally, the
prior should represent the actual distribution of effect sizes, about
which previous GWAS can be informative but ascertainment
effects limit this approach.

3.2 Choice of Effect-Size Prior

Because the sign of 𝛽𝑗 can be swapped by switching allele labels,
it is common to assume a prior density that is symmetric about
zero and hence 𝔼[𝛽𝑗] = 0. J. Yang et al. (2010) imposed the same
Gaussian prior on each 𝛽𝑗 , which has its origins in the polygenic
model of Fisher (1919), also called the infinitesimal model with
the prediction method based on it, similar to ridge regression,
called BLUP. However, the ‘thin’ tails of the Gaussian provide
a poor representation of actual effect sizes. The Laplace prior,
corresponding to Lasso regression, also attracted interest due to
its simple formand thicker tails. Early applications focussed on its
sparsity property due to the posteriormode often arising at 𝛽𝑗 = 0.

Many other effect-size priors have since been proposed (H. Zhu
and Zhou 2020). Most attention has focused on the shape of
the prior density, particularly in the tail thickness and whether
there is a singularity or point probability mass at zero. The use
of mixture priors allowed further benefits from the additional
flexibility. A common form of the two-component mixture is a
‘slab and spike’ prior, which includes a spike (probability mass
or high/infinite density) around 𝛽𝑗 = 0, while the slab spans the
plausible range for 𝛽𝑗 given 𝛽𝑗 ≠ 0. An alternative choice is the
elastic net prior, a mixture of Gaussian and Laplace.

A wide range of mixture priors can be constructed as a base
distribution, usually Gaussian or sometimes Laplace, conditional
on a parameter which follows a ‘mixing distribution’ that can
be discrete or continuous, often a gamma or half-Cauchy distri-
bution. The hierarchy can be extended by allowing the mixing
distribution to itself depend on a parameter that has a higher
level mixing distribution. Hoggart et al. (2008) made early use of
this approach with a Laplace-gamma mixture prior, emphasising
sparse solutions. PRS-CS (Ge et al. 2019) is a more recent
example implementing a Gauss-gamma-gamma prior with three
parameters that are chosen to obtain finite density at the origin
and a desired tail thickness.

3.3 Modelling the Prior Variance (Expected
Heritability)

While there has been much focus on choice of prior density,
typically the same prior is adopted for every SNP, despite over-
whelming evidence that effect sizes vary with SNP properties
known a priori, such as minor allele fraction (MAF), measures
of LD and functional annotations. Due to standardisation, 𝜎2𝑗 =
𝕍ar[𝛽𝑗] = 𝔼[𝛽2𝑗 ], the expected heritability of SNP 𝑗. Assuming
that 𝜎2𝑗 is constant over SNPs is called the uniform heritability
model and is frequently adopted by GWAS software.

While some attention had previously been paid to leveraging
MAF, LD and genome function to improveGWAS analyses, Speed
et al. (2022) set out a systematic way to incorporate them as
predictors of 𝜎2𝑗 in a heritability model. A different approach
is to model for each SNP the probability that it is causal (Hu
et al. 2017). The most appropriate heritability model can vary
according to the analysis goals, but for each of the three goals set
out above, improving on the uniform heritability model can lead
to substantial inferential gains as we discuss below.

Treating all SNPs the same a priori may seem natural, but
assuming that 𝜎2𝑗 is constant over 𝑗 when the 𝑥𝑗 are standardised
implies a very different relationship between MAF and effect
size than the corresponding assumption for unscaled genotypes
(taking values 0, 1 or 2). Which of these two assumptions best
captures actual relationships between effect size and MAF? They
are the cases 𝛼 = −1 and 𝛼 = 0 in the MAF-power heritability
model

𝜎2𝑗 ∝ [𝑝𝑗(1−𝑝𝑗)]
1+𝛼, (2)

where 𝑝𝑗 is the MAF of SNP 𝑗, usually replaced by its sample
value. The value of 𝛼 can be interpreted as a measure of the
effects of negative (or purifying) selection. Negative values of
𝛼 correspond to the unscaled effect sizes tending to increase
rapidly as 𝑝𝑗 decreases to zero, which could result from selection
removing deleterious alleles before they can become common.

When optimised over {−1,−0.75, … , 0.25, 0.5}, the value 𝛼 =
−0.25 gives overall the best fit for human traits (Speed et al.
2017). The value 𝛼 = 0 (uniform unscaled effect sizes), widely
used in animal and plant breeding and corresponding to selective
neutrality, fits some human traits well. The uniform heritability
value 𝛼 = −1, corresponding to strong purifying selection, fits
human traits poorly despite being themostwidely assumed value.

The poor performance of the uniform heritability model on real
data has often been masked because it is uncritically adopted
in simulation studies. Any simulation that treats (standardised)
SNPs the same irrespective of MAF, LD or genome context
is implicitly assuming uniform heritability, and, because that
model is unrealistic, results from the simulation study may
be misleading.

Recognition of the importance of MAF in modelling effect sizes
dates back at least to J. Yang et al. (2015), who assumed that
𝜎2𝑗 is constant over SNPs within each of 10 MAF classes. This
approach avoids the non-linearity of (2) at the cost of nine
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additional parameters and with no requirement for smoothness
over neighbouring classes.

In addition to MAF, LD impacts heritability. For example, if two
SNPs are in perfect LD they have the same genetic variation as
a single SNP and so the heritability of the pair may be similar to
that of a single SNP. Empirically, per-SNP heritability decreases
as LD increases (Speed et al. 2012). One simple step to adjust for
its effect is to remove all but one of a set of SNPs in high LD (e.g.,
𝑟2 > 0.98) before the use of (2).

3.4 Association Analysis

Showing causality of a SNP requires establishing population
association, and also that the association is not explained by LD
with other SNPs, either the high LD that is common among
SNPs located close together on the genome (disentangling this
LD is referred to as fine mapping), or population structure effects
mediated by long-range LD. Replication in different studies can
help with both these tasks, but a key strategy when assessing the
association of a target SNP is to include as covariates independent
causal effects, both environmental and genetic.

Devlin and Roeder (1999) introduced a widely used adjustment
for population structure effects in association analyses, called
the genomic inflation factor (GIF) and defined as the ratio
of the median GWAS test statistic to its null value assuming
a 𝜒21 null distribution. GIF >1 is interpreted as genome-wide
inflation due to effects of population structure, and dividing all
test statistics by the GIF was intended to reverse this inflation.
This approach relies on an assumption, now understood to often
be unrealistic, that causal effects are sparse so that non-null SNPs
barely affect the empirical median. An improved approach was
to add as covariates to the regression model the leading principal
components of the genotype correlation matrix 𝑋𝑋′∕𝑚, where
′ denotes transpose and 𝑋 is the 𝑛 ×𝑚 matrix with 𝑗th column
equal to 𝑥𝑗 (Price et al. 2006).

Linear mixed model (LMM) association analysis (Yu et al. 2006;
Kang et al. 2008; Astle and Balding 2009) provides a better
approach to adjusting for the effects of other SNPs and population
structure. It emerged in the context of non-human organisms
and was initially computationally prohibitive for human GWAS,
particularly for case-control studies, but computational advances
have led to its widespread adoption. A simple form of the LMM
for association analysis is

𝑦 = 𝜖 + 𝛽0𝑥0 + 𝛾, (3)

where 0 indexes the SNP being tested. The term ‘mixed’ refers to
the inclusion of fixed effects, here 𝛽0𝑥0 and often also covariates
such as sex and age, in addition to the genetic random effect 𝛾. To
avoid diluting the signal from SNP 0, the effects of SNPs in high
LDwith it should be excluded from 𝛾. For computational reasons,
in practice all SNPs on the same chromosome are excluded,
a leave-one-chromosome-out approach. While 𝛾 is unobserved,
its 𝑛 × 𝑛 variance-covariance matrix 𝐾 is assumed to be known
and is interpreted as a matrix of pairwise kinship coefficients.
Although (3) appears to be different from (1), they are in practice
similar models: the common choice 𝐾 = 𝑋𝑋′∕𝑚 is in effect

equivalent to replacing 𝛾 in (3) with a PGS similar to that in (1). In
practice, the difference between (3) and (1) is that the penalisation
is not applied to SNP 0, and other SNPs on its chromosome
are excluded.

Fitting (3) usually proceeds in two steps, the first using penal-
isation to fit the PGS, and the second testing 𝛽0 = 0 using the
fitted PGS as an offset. Two of the leading software that take
this approach are BOLT-LMM (Loh et al. 2015) and REGENIE
(Mbatchou et al. 2021). BOLT-LMM is usually more powerful
than REGENIE, because it uses more realistic penalisation when
constructing the PGS, whereas REGENIE is faster because it
constructs the PGS using an efficient block-based algorithm.
LDAK-KVIK (Hof and Speed 2025) replaces the uniform her-
itability model that is implicit in BOLT-LMM and REGENIE
with the MAF-power model (2). This modelling improvement,
together with computational innovations, led to LDAK-KVIK
having slightly higher statistical power than BOLT-LMM and
being slightly more computationally efficient than REGENIE.
Even the largest GWAS can now be analysed using the state-of-
art LMM approach with only modest computing resources: an
LDAK-KVIK analysis with 𝑛 > 3.5 × 105 required around eight
CPU hours and five Gb of memory (Hof and Speed 2025).

3.5 Analyses Based on Summary Statistics

Individual-level genotype and phenotype data are necessary for a
primary association analysis, but a major breakthrough in GWAS
has been the development of methods to perform subsequent
analyses using results from single-SNP association tests (effect-
size estimates and p-values), without individual-level data. Most
of these summary-statisticmethods also computemeasures of LD
using a reference panel, consisting of the genotypes of individuals
with similar ancestry to those in the GWAS.

Summary statistic analyses are typically much faster than anal-
yses of individual-level data, and they avoid confidentiality
concerns arising from sharing individual-level data. Although
some summary-statistic methods claim to adjust for effects of
population structure, it remains important that the primary
association analysis generating the summary statistics makes
appropriate adjustments (Holmes et al. 2019), such as through the
use of an LMM. Summary-statistic methods usually lose some
precision relative to analyses based on the full GWAS dataset,
but often the loss is small. Summary statistics are now widely
used in place of individual-level data for many analyses beyond
the initial association analysis, even when individual-level data
are available. One immediate benefit comes from facilitating
meta-analyses across GWAS. Here, we briefly discuss the use of
summary statistics for prediction and heritability analyses.

3.6 Prediction

The simplest prediction tools are ‘classical’ PGS with 𝛽𝑗 from
single-SNP association analysis. Initially only highly significant
SNPs were included, but performance was improved by relax-
ing the p-value threshold to include more SNPs in the PGS
(International Schizophrenia Consortium et al. 2009). Further
improvement came from reducing double counting of causal
signals by clumping: setting 𝛽𝑗 = 0 if SNP 𝑗 is highly correlated
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with a nearby SNP that has a lower association p-value (Choi
and O’Reilly 2019). More advanced prediction methods typically
obtain 𝛽𝑗 as the posterior mean from a joint analysis, using
model (1) regularised by a prior density, as discussed above.
These methods vary according to the algorithm (often MCMC or
variational Bayes) and the choice of prior distribution for the 𝛽𝑗 .

If an individual-level predictor depends on 𝑦 and the 𝑥𝑗 only
through vector products of the form 𝑦′𝑥𝑗 and 𝑥′𝑗𝑥𝑘, then a
summary-statistic version is available as these products can be
estimated from the test statistics and reference panel, respectively.
LDpred (Vilhjálmsson et al. 2015) was one of the first advanced,
summary-statistic PGS. It uses a slab-and-spike mixture prior
with a point-mass spike and a Gaussian slab. DBSLMM (S.
Yang and Zhou 2020) is another advanced method that uses
a deterministic approximation to the posterior mean and a
two-Gaussians prior.

Most prediction methods adopt the uniform heritability model,
but Q. Zhang et al. (2021) obtained gains in accuracy bymodifying
existing prediction tools, both using individual-level data and
summary statistics, to improve the heritability model. They
also quantified the gains from each of the major advances in
prediction methods of the past decade, reporting that moving
from single-SNP to joint estimation using a single Gaussian
prior increased average prediction accuracy by 17% while moving
from this prior to a mixture prior led to a 16% increase (with
little difference among different mixtures). Finally, replacing
the uniform heritability model with the BLD-LDAK model (see
below) led to a 14% improvement. Each of these advances is
roughly equivalent to increasing 𝑛 by a quarter. These results
provide a guide to efficiency gains from statistical innovations,
but actual gains will depend on factors such as 𝑛 and the trait
ℎ2. In particular, the relative gain from improving the heritability
model tends to decrease as the heritability of the trait increases.

In practice, genomic predictions are usually a single phenotype
value, without measures of uncertainty. Althoughmanymethods
work with a posterior distribution for each 𝛽𝑗 , the implied
posterior distribution for a prediction is computationally chal-
lenging and may not be well calibrated due to approximations,
for example, in modelling the dependence among SNPs. Many
users adopt pre-fitted PGS available from public repositories,
for which validation studies are typically available quantifying
the average performance of the method in samples from one or
more populations.

The performance of a predictor of a quantitative trait is often
measured by the squared correlation between predicted and
observed phenotypes (𝑅2). For binary traits, the area under curve
(AUC) is often reported or the relative risks at different prediction
thresholds. For example, disease prevalence among individuals
above the top percentile of PRS values may be reported as a
multiple of the population prevalence. Whereas 𝑅2 and AUC
are global measures of accuracy and can be approximated from
summary statistics, relative risks are more valuable as they can
be tailored to the PRS value for an individual, but they require a
validation study using individual-level data.

The accuracy of complex trait prediction from SNP data is often
low in the general population, although it can be high within

high-risk subgroups. PGS have uses other than predicting an
individual’s future trait value. For example, they can be used to
study the relationship of disease risk with other risk factors or
disease severity or response to treatment. Khera et al. (2018) seems
to have been a turning point in moving from scepticism to a
positive attitude towards the value of PGS for complex traits, but
there remains scepticism, for example, around incorporating the
predictive value of age in PGS (Curtis 2019).

A major challenge for prediction accuracy is the role of the
ancestry of the target of prediction (Scutari et al. 2016; Wang et al.
2020). The greater the genetic distance between that individual
and the GWAS used to construct the predictor, the less accurate
the prediction. However, the impact of this genetic distance
can be hard to assess without good data resources. The range
of ancestry groups used to construct prediction tools is often
limited, so that currently genomic prediction is worse for much
of the global human population than for members of a few well-
studied populations. However, the problem of prediction across
ancestries appears to be largely due to differences in LD: if the
primary GWAS is powerful enough to localise causal variants,
their predictive value tends to be similar across ancestries.

Jayasinghe et al. (2024) catalogue a wide range of prediction
software which vary, for example, in the requirement for users
to specify tuning parameters, which may require a training
dataset, in the non-SNP predictors that can be included, such
as genome annotations, and in claimed suitability for cross-
ancestry prediction.

3.7 Heritability Analysis

The SNP heritability (ℎ2SNP) of a trait is the heritability tagged by
all 𝑚 GWAS SNPs. Usually, ℎ2SNP < ℎ2, the classical heritability
estimated by comparing pedigree-relatedness with phenotype
similarity. The difference between ℎ̂2 and ℎ̂2SNP is sometimes
referred to as ‘missing’ heritability. Most of this gap is due
to rare causal variants that are poorly tagged by GWAS SNPs
(Young 2022), and will be reduced as sequencing replaces SNP
genotyping, or by expanded imputation reference panels or by
ARG-based methods to model rare variants.

Assuming that the 𝛽𝑗 are uncorrelated, the heritability tagged
by SNPs within genome region 𝑐 is ℎ2𝑐 =

∑
𝑗∈𝑐
𝛽2𝑗 . Although

individual 𝛽2𝑗 may be poorly estimated, if there is low LD between
SNP pairs within and outside 𝑐 then ℎ2𝑐 can be well estimated
by

∑
𝑗∈𝑐
𝛽2𝑗 even if 𝑐 is small, allowing us to investigate how

heritability is distributed across genome regions.

Heritability analysis based on summary statisticswas launched by
Bulik-Sullivan et al. (2015) who introduced LD score regression, a
simple linear regression of the form

𝔼[𝑆𝑗] = 1 + 𝐴 + 𝑛𝜉2𝑗 where 𝜉2𝑗 =
∑
𝑘∼𝑗

𝑟2
𝑗𝑘
𝜎2
𝑘
. (4)

Here, 𝑆𝑗 is a test statistic with a 𝜒21 null distribution, and 𝑟𝑗𝑘 is
a sample correlation coefficient for SNPs 𝑗 and 𝑘 so that 𝑟2𝑗𝑗 = 1.
The sum is over SNP 𝑗 itself and SNPs close to it (typically, within
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1 Mb). It follows that 𝜉2𝑗 is the expected heritability tagged by
SNP 𝑗, including multiple tagging, whereas 𝜎2𝑗 is the expected
heritability attributed uniquely to SNP 𝑗.

The motivating intuition for (4) is that the more SNPs tagged
by SNP 𝑗, the greater the causal signal contributing to 𝑆𝑗 . This
intuition appears to conflict with the empirical fact that per-SNP
heritability tends to decrease as LD increases; however, as the LD
tagged by SNP 𝑗 increases, 𝜉2𝑗 can increase even though 𝜎

2
𝑗 tends

to decrease.

Bulik-Sullivan et al. (2015) considered only the uniform heri-
tability model, the special case of (4) with 𝜎2𝑗 constant over 𝑗.
However, the computational efficiency of the summary statistic
approach opened up a flexible class of heritability models of the
form (Finucane et al. 2015)

𝜎2𝑗 =
∑
𝑐

𝜏𝑐𝑎𝑗𝑐, (5)

where 𝑎𝑗𝑐 indicates whether or not SNP 𝑗 is in category 𝑐, while 𝜏𝑐
is a parametermeasuring the effect on heritability ofmembership
of category 𝑐.

Many tens of functional categories can be fitted simultaneously
using (5), which was subsequently extended to allow quantitative
predictors of heritability related to MAF and LD (Gazal et al.
2017). These authors proposed the BLDmodel with 75 predictors,
which was later improved by the BLD-LDAK model with either
66 or 67 predictors, according to whether 𝛼 in (2) is estimated or
pre-specified (Speed et al. 2020).

Estimates 𝜏̂𝑐 can be interpreted as the average increase or decrease
in 𝛽2𝑗 for a unit increase in the predictor 𝑎𝑗𝑐. An alternative
summary of heritability is the enrichment 𝜆𝑐 of heritability in
region 𝑐 which is ℎ2𝑐 expressed as a multiple of a baseline such
that when 𝜆𝑐 = 1 the average heritability of a SNP within 𝑐 is
the same as that of a SNP outside 𝑐. A key difference between
𝜏̂𝑐 and 𝜆̂𝑐 is that only the former is estimated jointly, adjusting
for other predictors in the model. This can be important because
many functional categories overlap.

Speed et al. (2022) reported average 𝜆̂𝑐 and 𝜏̂𝑐 over 14 UK Biobank
traits, for 24 genome annotations which included a ‘conserved’
category that included about 2.5% of SNPs that were the most
conserved over 19mammalian species. Both 𝜆̂𝑐 and 𝜏̂𝑐 were largest
for this category, indicating that being conserved over mammals
was the best predictor of heritability for these traits, even after
adjusting for the effects of the other 23 categories. The next most
important category based on both 𝜆̂ and 𝜏̂was ‘coding’ with 𝜆̂ > 4

(compared with 𝜆̂ > 7 for ‘conserved’). 5’UTR, transcription start
site and H3K9ac also showed convincing evidence for both 𝜏 > 0
and 𝜆 > 1. Few other categories had 𝜏̂ significantly different from
zero, one exception being DNAse hypersensitivity sites (DHS) for
which 𝜏̂ was significantly negative even though 𝜆̂ ≈ 1.7. Thus,
although SNPs within DHS house more heritability for these
traits than other SNPs, this must be due to overlapping categories
because a DHS SNP has on average lower heritability than a
similar non-DHS SNP.

4 Interpretation of Forensic DNA Profiles

4.1 A General Framework for Assessing DNA
Profile Evidence

In the first decade of forensic DNA profiling, from the late
1980s, there was much controversy over both the reliability of
the laboratory techniques and the interpretation of the results
(Lander 1989). Over time, laboratory techniques improved and
a framework for evidence interpretation emerged that not only
helpedDNAprofiling evidence to becomewidely used in criminal
justice systems but also allowed it to become a benchmark to
highlight deficiencies in the presentation in court of other forms
of evidence (PCAST 2016).

The interpretation framework is based on a probability updating
formula, a version of Bayes theorem that in this context can
be called the weight of evidence formula (Steele and Balding
2015). In a simple forensic identification scenario, suppose that
the possible sources of a DNA sample include a known person
of interest that we will call person 0 (who may be a defendant
or a crime victim) and 𝑁 other individuals. We write 𝐻𝑖 for
the hypothesis that the true source of the DNA is person 𝑖, 𝑖 =
0, 1, … ,𝑁, and write 𝐷 for the DNA evidence, which typically
consists of a crime scene profile (CSP), a reference profile from
person 0 that at least partly matches the CSP, and at least one
‘frequency database’ of DNA profiles used to estimate population
allele frequencies. We also write 𝜋𝑖 for the probability of 𝐻𝑖 prior
to 𝐷 being assessed. Then the probability that person 0 is the
source of the CSP given 𝐷 is

ℙ(𝐻0|𝐷) = ℙ(𝐷|𝐻0)𝜋0∑𝑁

𝑖=0 ℙ(𝐷|𝐻𝑖)𝜋𝑖
=

(
𝑁∑
𝑖=0

ℙ(𝐷|𝐻𝑖)

ℙ(𝐷|𝐻0)

𝜋𝑖
𝜋0

)−1

. (6)

The final form of (6) is convenient because the likelihoods
ℙ(𝐷|𝐻𝑖) are typically minuscule and hard to interpret, whereas
a relative likelihood (or likelihood ratio, LR) can be more inter-
pretable. We discuss computing ℙ(𝐷|𝐻𝑖) in Section 4.3. Here we
define the LR such that a lower value corresponds to stronger
evidence for𝐻0, often the inverse value is reported instead.

While (6) cannot be simplistically applied to actual cases, for
example, because of the judgments required to assess values for
the 𝜋𝑖 , it is nevertheless an invaluable guide to thinking about
evidential strength. For example, to have a high probability for
𝐻0 it is not sufficient for the LR to be small for a ‘random
man’ alternative DNA source, the sum in the denominator of (6),
over all alternative sources, must be negligible. The widely used
‘random man’ alternative hypothesis is not only unnecessary it
can be misleading.

Simplifying further, let ℙ(𝐷|𝐻0) = 1 while for 𝑖 = 1, 2, … ,𝑁,
both 𝜋𝑖 = 1∕(𝑁+1) and ℙ(𝐷|𝐻𝑖) = 𝑝, where 𝑝 is the population
proportion with the same DNA profile as person 0. Then (6)
becomes

ℙ(𝐻0|𝐷) = 1

1 +𝑁𝑝 , (7)
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providing a simple formula summarising the insight described
above: here, to have ℙ(𝐻0|𝐷) ≈ 1 it is not enough for 𝑝 ≪ 1, we
require 𝑁𝑝 ≪ 1.

Further insights come from varying ℙ(𝐷|𝐻𝑖) according to the
relatedness of 0 with 𝑖, considering both direct relatedness and
coancestry shared within subpopulations. For example, if the
alternative DNA sources include 𝑘 siblings of person 0, but no
other relatives, then

ℙ(𝐻0|𝐷) = 1

1 + 𝑘𝑠 + (𝑁−𝑘)𝑝
, (8)

where 𝑠 is the LR comparing person 0 with a sibling. Typically
𝑠 ≫ 𝑝 and 𝑘 ≪ 𝑁, so both terms in the denominator of (8) can
be important.

Formula (8) extends in the obvious way for other relatives of
person 0, including the important case, discussed further below,
of alternative sources sharing coancestry with person 0 that is
greater than that sharedwithmembers of the frequency database.

4.2 Suspects Identified From a Database Search

There has been controversy over the effect on evidential strength
of identifying person 0 via a search in an ‘intelligence database’
of the DNA profiles of known individuals, who may, for example,
include previous offenders. A failure to grasp the principles of
evidence evaluation in a forensic setting has led even distin-
guished scientists to error, including National Research Council
USA (1992, 1996). The erroneous thinking arises because of an
analogy with multiple testing or ‘hypothesis trawling’, which is
generally understood by scientists to weaken the significance of
any resulting match. This intuition is misleading in the setting of
forensic DNA profiles because we know that there exists a true
source of the DNA and so the more extensive the search, the
higher the probability that the resulting match has identified the
correct individual.

Instead, under simplifying assumptions similar to those under-
lying (7), if the alternative sources include 𝑀 individuals in the
intelligence database, and only person 0 matches the CSP, then

ℙ(𝐻0|𝐷) = 1

1 + (𝑁−𝑀)𝑝
, (9)

which increases with 𝑀. In the extreme case that 𝑁 = 𝑀,
all alternative sources of the DNA are members of the intel-
ligence database and are found not to match, (9) correctly
gives ℙ(𝐻0|𝐷) = 1. The simple cases described here exclude
complexities such as the possibility of sample contamination or
labelling error, and the role of the non-DNA evidence, but (6)
can also guide reasoning about these and other issues (Steele and
Balding 2015; Buckleton et al. 2016).

4.3 Computing Likelihoods

Computing the likelihoods ℙ(𝐷|𝐻𝑖) required in (6) has been an
evolving challenge over recent decades as DNA profiling technol-
ogy has improved, and the sophistication ofmathematicalmodels

and algorithms has increased (Buckleton et al. 2016). The original
DNA fingerprints (Jeffreys et al. 1985) were restriction fragment
length polymorphisms, referred to as multi-locus probes with the
relevant loci generally being unknown.While it seemed plausible
that such fingerprints were unique, statistical interpretation of
the evidential value was not feasible.

This changed in the late 1980s with the introduction of single-
locus probes, which were superseded a few years later by short
tandem repeat (STR) profiles. For these systems, simple statistical
models were available, based on the presence/absence of alleles
and their database frequencies, which together with population
genetics theory justifying assumptions of independence both
within loci (Hardy–Weinberg equilibrium, HWE) and across loci
(linkage equilibrium, LE) could be used to estimate the popu-
lation proportion of a profile. The independence assumptions
were not strictly valid, due to effects of inbreeding, selection,
relatedness or population structure, and the estimates were gen-
erally too small for empirical verification. Experimental artefacts
such as undetectable (null) alleles which could be confused with
homozygotes presented further challenges.

Resolving these problems was held back by a lack of under-
standing of how a profile population frequency estimate was
connected with evidential weight. In fact, (6) reveals that the
relevant quantity is the LR which is a ratio of probabilities. When
person 0 matches a single-contributor CSP, the 𝑖th LR is the
probability that persons 𝑖 and 0 both have a given profile, divided
by the probability that person 0 has the profile. Equivalently, it
is the conditional probability that 𝑖 has the profile given that 0
has it (Weir 1996). It is in the conditioning that relatedness and
population structure effects arise and can be modelled.

At a single locus, the conditional probability can be formu-
lated as a probability of drawing an AA or AB (homozygote
or heterozygote) allele pair given an observation of the same
allele pair in an initial draw. While testing for HWE and LE
in forensic databases has attracted much attention, the more
important impact on weight of evidence comes from coancestry
due to relatedness/population structure creating genetic cor-
relations between pairs of individuals. Once these are dealt
with using relatedness or coancestry coefficients, any remaining
deviations fromHWEand LE (within-individual correlations) are
usually negligible.

At a single locus, if the coancestry of 𝑖 and 0 is 𝜃 then a simple
formula for the LR is (Balding and Nichols 1994)

Person 0 homozygous AA: 𝐿𝑅 =
(2𝜃+(1−𝜃)𝑝𝐴)(3𝜃+(1−𝜃)𝑝𝐴)

(1 + 𝜃)(1 + 2𝜃)
,

(10)

Person 0 heterozygous AB: 𝐿𝑅 = 2
(𝜃+(1−𝜃)𝑝𝐴)(𝜃+(1−𝜃)𝑝𝐵)

(1 + 𝜃)(1 + 2𝜃)
,

(11)

where 𝑝𝐴 and 𝑝𝐵 are population allele fractions, usually replaced
by estimates from a frequency database, possibly with an adjust-
ment that biases estimates upwards and avoids zero estimates.
When 𝜃 = 0, the LRs in (10) and (11) simplify to𝑝2𝐴 and 2𝑝𝐴𝑝𝐵, the
population proportions under HWE, and they increase (reducing
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ℙ(𝐻0|𝐷)) as 𝜃 increases from zero. The value of 𝜃 is assessed
relative to the average ancestry shared between person 0 and
individuals in the frequency database, so 𝜃 and hence the
LRs increase (reducing ℙ(𝐻0|𝐷)) as the database becomes less
representative of the ancestry of person 0.

In principle, there can be different 𝜃 values for different 𝑖,
according to their level of coancestry with 0, but in practice
it is convenient to use a single relatively large value. Often
𝜃 = 0.03 is recommended for STR markers, which represents a
relatively large genetic distance between, for example, a database
representing a continent-scale population and a subpopulation
of that population (Steele et al. 2014), which tends to err in
the direction of understating ℙ(𝐻0|𝐷). Such understatement
typically favours defendants, but when the DNA profile evidence
is powerful this causes little detriment to the prosecution case.

LRs (10) and (11) apply to alternative sources 𝑖whohave no known
relatedness with person 0. The LRs for relatives rely on classical
relatedness coefficientsmeasuring IBDprobabilities generated by
the relatedness. These formulas should also allow for coancestry
in the probabilities for non-IBD alleles.

Whole-profile LRs are obtained bymultiplication over loci, which
implies an assumption of independence. Although (10) and
(11) cannot be regarded as exact, by a generous adjustment for
shared ancestry, which is the principle source of dependence,
multiplication across loci is reasonable as other concerns, such
as deviation from HWE or sampling error in estimates of the 𝑝𝐴,
are negligible relative to the impact of the 𝜃 adjustment.

4.4 Artefacts, Dropout andMixtures

A major advantage of STR profiles is that they can be used
in conjunction with DNA amplification using PCR to analyse
small quantities of DNA (called low template DNA, or LTDNA).
Further, a single capillary electrophoresis (CE) run can process
multiple loci (‘multiplexing’) using both dye separation due to
fluorescence labelling and length separation due to variation in
the flanking regions analysed with the STR polymorphism.

These advantages generate additional interpretation challenges,
including the ‘stutter’ peaks introduced by imperfect PCR copy-
ing of the tandem repeats, as well as high variability in heights
of peaks in the electropherogram (epg) reporting the fluorescence
signal as a function of DNA fragment length. The extra variability
makes it difficult to visually discriminate single-allele from
multiple-allele peaks, and the contributions of different DNA
sources in a mixed CSP. With LTDNA, alleles present in the
sample can fail to amplify and so ‘drop out’ from the epg, while
minuscule amounts of environmental DNAmay be amplified and
‘drop in’ to the epg. Another epg artefact is pull-up peaks due to
errors in reading the fluorescence labels.

Initially, expert judgement was relied on to ‘clean up’ the
epg data prior to statistical analysis, with the expert manually
designating stutter and other artefacts, and sometimes manually
deconvolving the profiles of one or more contributors. Over
time, improvements in statistical analysis led to more automated
analysis of the epg. An important step in this advance was the

move away from a binary interpretation of the presence/absence
of alleles to ‘probabilistic genotyping’ in which the continuous
epg curve is the basis of an analysis that computes probability
distributions for the genotypes of different contributors to a DNA
sample, along with estimates of their relative DNA contributions.
Such ‘continuous’ interpretation models are able to deal with
multiple contributors, LTDNA, and degraded DNA, incorporat-
ing models for stutter, peak-height variability and baseline noise
(Buckleton et al. 2016).

Sophisticated software for probabilistic DNA profile interpreta-
tion is now widely used, including commercial software STRmix
(Bright et al. 2016) and TrueAllele (Perlin et al. 2011); for a com-
parison, see Greenspoon et al. (2024). EuroForMix (Bleka et al.
2016) is a free, open-source alternative. While they incorporate
sophisticated models and have by now been well validated, no
software can account for all sources of uncertainty or error, in
particular complexities such as secondary transfer of DNA and
cross-contamination of samples, either accidental or malicious.
There is also an unavoidable problem that DNA profile interpre-
tation using (6) requires judgements that lie in the domain of the
finder of fact (judge or jury) whereas the software can only be
safely used by trained experts.

Bayesian networks are graphical models that represent prob-
abilistic relationships among variables such as the potential
source(s) of a DNA sample, which can be updated when new
evidence is introduced. Bayesian networks have been used to
incorporate DNA profiles with other forms of evidence, and
to assess relatedness with a sample contributor (Taroni et al.
2014; Schaapveld et al. 2019). They are most often used in an
investigative setting but they have also been used to help assess
weight of evidence in court (Fenton et al. 2020).

Recently, DNA sequencing has begun to replace the CE process
described above that has been established since the 1990s.
Sequencing can generate more informative DNA profiles that
include SNPs and other markers in addition to STRs. It also
avoids CE artefacts, although it introduces new interpretation
challenges and requires new interpretation software. Currently,
CE methods are cheaper and remain widely used for routine
casework. Sequencing is widely used for mitochondrial DNA
(mtDNA), initially only in some regions but now almost all of
the mtDNA.

4.5 Uniparental Profiles: Y and mtDNA

The general framework for evidence interpretation outlined
above has had much success when applied to autosomal DNA
profiles, which are the most widely used form of DNA evidence.
However, application of (6) to DNA profiles based on the Y
chromosome or mtDNA is more challenging due to their uni-
parental inheritance. The lack of recombination for these lineage
markers limits their variation and hence their discriminatory
power, but they have specific uses for example to identify DNA
from a male or a female contributor to a sample that has both
male and female sources and to help establish relatedness over
multiple generations (King et al. 2014). Uniparental profiles
can also be more stable and more likely to be recovered from
degraded samples.
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Lineage markers are inherited intact from parent to child unless
a mutation occurs. It follows that there is a set 0 of close
patrilineal/matrilineal relatives of person 0 sharing their lineage
marker profile. The size of 0, denoted |0|, decreases as the
whole-profile mutation rate (𝜇) increases. The mitochondrial
genome has 𝜇 ≈ 0.015 per generation, corresponding to about 1
mutation every 70 generations. It follows that |0| is typically
large, ∼ 103 or greater (Andersen and Balding 2018). Older Y-
STR profiling kits generated profiles with 0.025 < 𝜇 < 0.1, but
for more modern kits 𝜇 can be almost 0.15, or one mutation
every seven generations. Then the distribution of |0| hasmode 1
(corresponding to a unique profile), andmean and 99th percentile
typically ∼ 10 (Andersen and Balding 2017).

In assessing theweight of evidence for Y-profile evidence in court,
it remains common for forensic scientists to report a measure
of evidential strength that compares Male 0 with a male not
paternally related to him (Bright et al. 2025). Such an approach
is unsatisfactory because all males are paternally related, the
relevant quantity is not a binary indicator (𝑖 is related/unrelated
to 0) but 𝑙𝑖 , the number of father–son steps in the ancestral path
linking 𝑖 with 0. To a close approximation

ℙ(𝐷|𝐻𝑖) = (1−𝜇)𝑙𝑖 . (12)

Among other limitations, (12) does not allow for two or more
mutations that cancel each other and leave the profile unchanged,
but these are typically very rare.

For most alternative sources of the DNA, 𝑙𝑖 is unknown but it
will typically be ∼ 103 for pairs of individuals in large human
populations, in which case ℙ(𝐷|𝐻𝑖) in (12) will be negligible,
even cumulatively over many such individuals. However, there
will be some individuals for whom 𝑙𝑖 is small and henceℙ(𝐷|𝐻𝑖)

is large. Some members of0 will be known close relatives such
as cousins, but there will also be many males for whom 𝑙𝑖 is small
enough that ℙ(𝐷|𝐻𝑖) is non-negligible but large enough that the
relatedness will typically not be recognised (few of us recognise as
relatives individuals who share a common ancestor five or more
generations in the past).

The strong dependence of ℙ(𝐷|𝐻𝑖) on the unknown 𝑙𝑖 makes
(6) difficult to use for Y-profiles. Its value is determined by the
number of males with low 𝑙𝑖 , for whom the probability of a match
is non-negligible. Summing over a probability distribution for 𝑙𝑖
is a reasonable approach but would face practical difficulties in
court because the choice of distribution is a matter for the finder
of fact who is unlikely to be able to perform the summation.

Instead, Andersen and Balding (2017) proposed to replace evalu-
ation of (6) with a simulation-based upper estimate of |0|. An
estimate of the number of males in the population with the same
Y-profile is conceptually straightforward for a finder of fact, who
can use their own judgement to decide the plausibility of one of
these males, and not Male 0, being the true source of the DNA. A
similar approach is available for mtDNA profiles, but their lower
mutation rate makes |0|much larger than for Y profiles.
Other approaches to the interpretation of uniparentally inherited
profiles in court have been proposed (Andersen and Balding
2021), none of them completely satisfactory in dealing with the

problem presented by (12). Until a better alternative approach
becomes widely adopted, interpretation in court will continue to
be unsatisfactory.

5 Concluding Remarks

While the three areas reviewed here are distinct and important,
the concept of the ARG describing the genealogy underlying a
genetic sample is perhaps of central importance because it is
relevant to all genetics research. We described how the ARG
data structure is beginning to make inroads into GWAS analysis,
and conceptually there is also a role for the ARG in the forensic
interpretation of DNA profiles. There, a key quantity is the
probability that an unprofiled individual has a given profile, and
an ARG linking all potential sources of the queried DNA sample
would provide the best structure for computing the required
probabilities. Implementing this idea would be challenging and
it seems likely that simple approximations will continue to
prevail, except perhaps for uniparentally inherited profiles for
which the ARG simplifies to a coalescent tree. Coalescent-based
modelling of mtDNA match probabilities has been attempted
(Wilson et al. 2003), using a query leaf node with no sequence
data. This approach is not widely used and may be an area for
future development.

The advances in ARG-based genetics research over the past
decade have been astonishing, particularly in comparison with
relatively slow advances in the previous three decades, but there
is still a long way to go. The challenge of assessing uncertainty in
ARGs inferred genome-wide and for large samples has only begun
to be addressed. Another major challenge is to use demographic
and selection inferences to improve ARG inference through
joint modelling of the ARG and evolutionary processes. When
these are realised, we will be able to obtain as full a picture
as possible from DNA data about the evolutionary history of
human populations.
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