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ABSTRACT

In populations of small effective size (N,), such as those in conservation programmes, companion animals or livestock species,
inbreeding control is essential. Homozygosity-by-descent (HBD) segments provide relevant information in that context, as they
allow accurate estimation of the inbreeding coefficient, provide locus-specific information and their length is informative about
the “age” of inbreeding. Our objective was to evaluate tools for predicting HBD in future offspring based on parental genotypes,
a problem equivalent to identifying segments identical-by-descent (IBD) among the four parental chromosomes. In total, we
reviewed and evaluated 16 approaches using simulated and real data from populations with small N,. The methods included
model-based approaches as well as more computationally efficient rule-based approaches. The accuracy of the methods was
then evaluated, including with low-density marker panels, genotyping-by-sequencing data and small groups of individuals, typ-
ical features of such populations. Two model-based approaches performed consistently well, while some rule-based approaches
proved accurate for genome-wide predictions. The model-based approaches were particularly efficient when genomic informa-
tion was sparse or degraded. Methods using phased data proved to be more accurate, while some approaches relying on unphased
genotype data were sensitive to the assumed allele frequencies. In some settings, pedigree-based predictions ranked high for re-
cent inbreeding levels. Finally, we showed that our evaluation is also informative about the accuracy of the methods for estimat-
ing relatedness and identifying IBD segments between pairs of present-day individuals. This study shows that future inbreeding
can be accurately predicted, including at specific loci, but not all methods perform equally well.

1 | Introduction maintain genetic diversity and limit levels of inbreeding, often
relying on reproducer selection and mating advice. The expected
In wildlife conservation, companion animals and livestock spe- level of inbreeding of future offspring is an important criterion

cies, effective population sizes (N,) are often small (e.g., below for such mating advice, as it allows the risk of inbreeding depres-
250) and optimal management strategies are implemented to sion or genetic defects to be reduced.
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The inbreeding coefficient (F) of an individual has been defined
as the correlation between the uniting gametes (Wright 1922)
and the probability that the two alleles present at a locus are
identical-by-descent (IBD), i.e., inherited twice from a common
ancestor (Malécot 1948). In that case, the neighbouring loci
will also be IBD because a whole segment has been inherited
IBD from the ancestor. In the absence of mutations, these seg-
ments are homozygous and are therefore called homozygous-
by-descent (HBD) (Schiffer 1999). The length of these HBD
segments depends on the number of generations to the common
ancestor, with more generations providing more opportunities
for the recombination process to cut the transmitted segment.
With genotyping data, these HBD segments appear as long
stretches of homozygous genotypes called runs-of-homozygosity
(ROH), which can be used to identify HBD and to estimate F
(Broman and Weber 1999; McQuillan et al. 2008). In rule-based
approaches to detect such segments, markers are classified as
HBD or non-HBD using a set of predefined rules, such as the
minimum number of SNPs in a ROH, their minimum length and
marker density, whereas model-based approaches rely on allele
frequencies, the genetic map, genotyping error rates and a model
to compute the probability that a position is HBD, identify HBD
segments and estimate realised inbreeding levels (Leutenegger
et al. 2003). Such model-based approaches have been shown to
be more efficient than rule-based methods when information
is degraded or marker density is low (Druet and Gautier 2017;
Lavanchy and Goudet 2023).

Segment-based estimators of F present several advantages over
other marker-based estimators. Indeed, studies from Nietlisbach
et al. (2019) and Caballero, Villanueva, and Druet (2021) showed
that they perform well in populations with low N_. In agree-
ment, Alemu et al. (2021) concluded that these methods are ac-
curate in livestock species where deleterious alleles can reach
high frequencies (e.g., Keller and Waller 2002; Bosse et al. 2019).
In addition, these methods provide locus-specific estimates,
which can be used to manage identified recessive alleles that
cause genetic defects or have a large contribution to inbreeding
depression. They are also informative about the age of HBD seg-
ments (Kirin et al. 2010; Pemberton et al. 2012), allowing the
distinction between ancient and recent inbreeding, which is
expected to be more deleterious (Hinrichs et al. 2007; Szpiech
et al. 2013; Stoffel et al. 2021; Naji et al. 2024) and therefore more
relevant for management strategies. They are also more robust
to the used allele frequencies, which might introduce biases
(Keller, Visscher, and Goddard 2011; Caballero et al. 2022; Naji
et al. 2024). Finally, these estimators are interpretable as they
range between 0 and 1 like the pedigree-based estimators, and
allow us to define a base population comparable to the one from
the pedigree (Solé et al. 2017). In summary, the use of measures
based on HBD segments offers several advantages for manag-
ing diversity and inbreeding in populations with small N, as
in conservation genetics, some wildlife species, companion an-
imals and livestock populations. Actually, the benefits of using
segment-based measures to maintain diversity and fitness have
been demonstrated in similar populations (de Cara et al. 2013;
Bosse et al. 2015; Gémez-Romano et al. 2016), for example by
minimising the occurrence of long HBD segments in offspring
(Bosse et al. 2015). Similarly, Meuwissen et al. (2020) concluded
that the use of IBD-based approaches performed well in optimal
contribution selection schemes.

In the present study, our objective was to evaluate different
methods for predicting inbreeding levels in future offspring
based on genotypes from their parents, as these are an im-
portant component in mating plans implemented to manage
diversity and inbreeding in populations with small N_. More
specifically, our aim was to predict future HBD levels, as these
metrics have been proven to be accurate and offer several ad-
vantages (see above). To that end, we first reviewed methods for
identifying IBD segments between parental chromosomes and
predicting HBD levels in offspring, and selected state-of-the-art
model- and rule-based approaches to perform a comprehensive
evaluation study. Importantly, this evaluation was carried out
on real data sets from a large sequenced cattle pedigree and a
population of Mexican wolves, populations representative of
those typically found in conservation genetics, animal breed-
ing or molecular ecology. It is indeed essential to measure the
accuracy of the methods in such settings because the genomic
structure of the population has been shown to affect their per-
formance (e.g., Caballero, Villanueva, and Druet 2021), while
most of the methods have only been evaluated on human data-
sets characterised by large N,. Therefore, simulated data with
similar population structures were also generated to consolidate
our results. Accuracy was also assessed at lower marker density
or with genotyping-by-sequencing (GBS) data, genotyping strat-
egies that are also frequently used. We start by a description of
the different evaluated methods.

2 | Material and Methods

2.1 | Overview of Approaches to Predict
Homozygosity-By-Descent in Offspring

Our objective is to predict the level of inbreeding of an individ-
ual based on the genotypes of its parents (Figure 1A), i.e., to pre-
dict the overall proportion of HBD segments and to estimate the
probability that a locus will be HBD. The expected inbreeding
coefficient of an individual is equal to the kinship coefficient
between its two parents (Malécot 1967; Lynch and Walsh 1998).
Likewise, the prediction of HBD can be obtained from the prob-
ability that the haplotypes inherited from the parents are IBD.
Each parent can transmit two haplotypes, so there are four pos-
sible combinations of pairs of parental haplotypes at a locus, and
the HBD probability can be computed from the IBD probabilities
of these four combinations (Figure 1). Note that due to recombi-
nation, the transmitted haplotypes might differ from the paren-
tal haplotypes. Nevertheless, the expected HBD level can still be
obtained as the average IBD of the four parental combinations.

The methods we will evaluate are therefore based on the mod-
elling of the IBD relationships between the four chromosomes
of two individuals (here, the four parental homologues) that
can take on 15 different configurations described in Figure 1B,
called the identity states (Jacquard 1974). Basically, these iden-
tity states indicate which of the four parental haplotypes are
IBD. If the parental origins of the haplotypes within the two
individuals are unknown, we do not discriminate them and
therefore the 15 identity states can be grouped into 9 condensed
identity states (Jacquard 1974). The configurations can be fur-
ther reduced to three states if the inbreeding of the individu-
als is ignored (Figure 1B). In this case, the three states simply
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FIGURE1 | Approaches used to predict the homozygous-by-descent (HBD) level of an individual (F,) based on the genotypes of its parents. (A)
Predictions were made in several trios, each including a sire (S) and a dam (D), having each a paternal and maternal haplotype (labelled 1 and 2,
respectively), shown in blue for the sire and red for the dam, and the future offspring (dashed diamond). (B) STATES approach: For each pair of
parents, the four parental haplotypes can take 15 possible identity-by-descent (IBD) configurations at a locus (Jacquard 1974). The four parental
haplotypes are represented by dots using the same colours as in (A) while solid lines indicate IBD between linked haplotypes. Horizontal lines
correspond to inbreeding within a parent, while vertical or diagonal lines indicate IBD between parents. The 15 IBD states can be grouped into 9
condensed IBD states {S;,S,, ...
states is reduced to three if the parents are assumed to be non-inbred (grey background). The STATES approaches model the observed genotypes or

~k A~k ~k
haplotypes conditional on these configurations. At locus k, the estimated probabilities of the 9 IBD modes { ALA,, ... LA } can be used to estimate

s Sg} if the parental origins of the haplotypes within the two individuals are considered unknown. The number of

the locus spemflc coancestry between the parents Bk (see also Lynch and Walsh 1998), which corresponds to the predlcted locus-specific HBD level
in the offspring F (Equation 1). (C) PAIR approach: IBD is modelled sequentially for each of the four possible combinations of parental haplotypes
(h;h}), héhZD, h? h}), hthD) where hl and h2 denote the paternal and maternal haplotypes of individual I, respectively. This analysis estimates the IBD
probability th, ) between two haplotypes h‘ and h’ at locus k for the four possible pairs. (D) PANEL approach: A large panel of haplotypes from a
large number of individuals are analysed jointly to detect IBD segments. At locus k, a vector ® containing the IBD probabilities for each pair of hap-
lotypes is estimated (note that with rule-based approaches, IBD probabilities are either 0 or 1). In the PAIR and PANEL approaches, the locus specific
coancestry between the parents is obtained as the average over the four possible pairs of parental haplotypes (Equation 2). Finally, the genome-wide

HBD levels 1-"O can then be predicted as the average locus-specific values at the K loci (Equation 3).

correspond to the sharing of 0, 1 and 2 IBD haplotypes between
the two parents. For more details, see Lynch and Walsh (1998,
132-141). Accordingly, several methods model the observed gen-
otypes or haplotypes conditionally on these possible configu-
rations (referred to as 15, 9 or 3-STATES approaches). Another
approach is to model chromosomes individually, ignoring which
chromosomes belong to the same individual. In this case, meth-
ods can either model the IBD relationship between each of the
four possible pairs of parental haplotypes sequentially (PAIR
approach—Figure 1C), or jointly model the IBD sharing be-
tween all individual haplotypes in the analysed sample (PANEL
approach—Figure 1D).

Prediction methods can be further classified according to
whether they use genotypes or haplotypes. The use of genotypes

is only possible in the 9 or 3-STATES approaches by modelling
the genotype probabilities conditionally on the underlying state.
Haplotypes require phasing of the data, a procedure that pro-
vides additional information, but that can also introduce errors.

Finally, we can also distinguish between rule-based and model-
based approaches. Rule-based approaches use a set of rules to
determine whether two individuals share IBD haplotypes based
on their genotypes or whether two haplotypes are IBD. These
rules are typically based on the number of identical-by-state
(IBS) alleles or genotypes, the length of the segments compared
or the number of mismatches. The optimal rules will vary for
each data set, depending on marker density, genotyping technol-
ogy and population structure, and should ideally be validated
in new applications, although this is rarely done. For example,
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the parameters used to identify ROH (number of SNPs, length,
etc.) may need to be modified at lower marker densities. Model-
based approaches compute the probability of different IBD con-
figurations from the observed data under various assumptions.
The possible configurations could, for example, correspond
to the 9 identity states in a 9-STATES model, or to IBD versus
non-IBD for a PAIR approach. Estimation of these probabilities
may also rely on or capitalise on additional information such
as population allele frequencies, the genotyping error rate, the
genetic distance between successive markers, etc. Importantly,
model-based approaches can also handle genotype probabilities
to account for genotype uncertainty (e.g., when analysing low-
fold sequencing data), and their underlying probabilistic frame-
work can automatically account for varying marker densities
and population structure, thereby requiring fewer parameter
adjustments.

2.2 | Description of the Evaluated IBD Estimation
Methods

2.2.1 | STATES Approaches

IBD_Haplo (Thompson 2008, 2009), GIBDLD (Han and
Abney 2011, 2013) and LocalNgsRelate (Severson, Korneliussen,
and Moltke 2022) model the IBD process along the four paren-
tal chromosomes based on continuous-time Markov chains that
can be implemented as hidden Markov models (HMM). In these
three methods, the probabilities of observing genotypes or hap-
lotypes conditional on the IBD configurations between the four
parental chromosomes, the so-called emission probabilities, are
based on allele frequencies and genotype probabilities (includ-
ing genotyping errors). The transition probabilities define the
probability of changing from one IBD configuration to another
between two markers and are a function of the genetic dis-
tances. Using these emission and transition probabilities, these
methods estimate the posterior state probabilities, P(X;=k), at
each locus i, where X; is the unknown state at locus i and k is
one of the modelled states. With genotyping data, these hidden
states correspond to the 9 condensed identity states with IBD_
Haplo and GIBDLD, and to sharing of 0, 1 or 2 IBD alleles with
LocalNgsRelate (3-STATES model). With haplotype data, IBD_
Haplo fits a model with 15 hidden states corresponding to the
15 identity states. At each locus, the offspring HBD can be pre-
dicted from the locus-specific state probabilities P(X;=k) using
the rules shown in Figure 1. The three methods define the transi-
tion matrices, which are either predefined or estimated, and the
emission probabilities differently. LocalNgsRelate is designed to
work with low-coverage sequencing data, a feature made pos-
sible by using genotype likelihoods to define emission proba-
bilities. Like LocalNgsRelate, TRUFFLE (Dimitromanolakis,
Paterson, and Sun 2019) fits a 3-STATES model, but uses a rule-
based approach.

2.2.2 | PAIR Approaches

Expected values of HBD-related measures of future offspring
from two genotyped parents (with phased haplotypes) can be es-
timated using methods designed to identify HBD segments in in-
dividual genomes by analysing the four individuals (artificially)

obtained by combining each pair of parental chromosomes
(each parent contributing one chromosome to the pair). This
strategy has been used, for example, with ROH in several stud-
ies (Pryce, Hayes, and Goddard 2012; Bosse et al. 2015; de Cara
et al. 2013). The ZooRoH model (Druet and Gautier 2022) is an
alternative to rule-based approaches to identify ROH. It is an
HMM that describes the genome as a mosaic of HBD and non-
HBD segments. A specific feature of ZooRoH is that it fits sev-
eral HBD classes, each class ¢ having its own rate parameter R_
that defines the expected length of HBD segments (equal to 1/R,_
Morgans). Each class is therefore associated with a different set
of ancestors present in different past generations. This makes it
possible to estimate the level of inbreeding with respect to dif-
ferent base populations (Solé et al. 2017). Note that when a single
HBD class is fitted, we refer to a ZooRoH-1R model. This model
is identical to that of Leutenegger et al. (2003) and very simi-
lar to BCTtools/ROH (Narasimhan et al. 2016) and ngsF-hmm
(Vieira, Albrechtsen, and Nielsen 2016).

2.2.3 | PANEL Approaches

GERMLINE (Gusev et al. 2009), hap-IBD (Zhou, Browning,
and Browning 2020) and phasedibd (Freyman et al. 2021) be-
long to the PANEL approach and use rule-based methods to find
long segments shared IBS between two haplotypes. These three
methods avoid comparing each pair of haplotypes sequentially
to improve computational efficiency. Although they share com-
mon principles, these methods differ in their implementation
and their handling of genotyping and haplotyping errors. For
example, hap-IBD and phasedibd can account for genotyping
errors and even correct for some so-called switch errors result-
ing from the (statistical) phasing process. Finally, Refined-IBD
(Browning and Browning 2013) first relies on GERMLINE to
identify long segments shared IBS, and then uses a LOD score to
determine whether the haplotypes are IBD or not.

2.2.4 | Pedigree-Based and Genomic
Relationship Matrices

The genome-wide inbreeding coefficient can also be predicted
as half the relationship between the parents obtained using
either genealogical information or genotyping data, SNP-by-
SNP. When the genomic relationship matrix (GRM) is calcu-
lated using the first rule described in VanRaden (2008), this
is equivalent to predicting the inbreeding coefficient obtained
from the diagonal elements of the GRM (F,,), also defined by
VanRaden (2008). When the GRM is obtained using the second
rule of VanRaden (2008), the relatedness between the parents
corresponds to the prediction of the inbreeding coefficient de-
fined as the correlation between the uniting gametes, F
(Li and Horvitz 1953; Yang et al. 2010). See Text S4 of Alemu
et al. (2021) for more details.

2.3 | Evaluation Design

The objective of the present study was to evaluate the accuracy
of predicting HBD in future offspring based on parental geno-
types in populations with small N,.. For this evaluation, we used
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both simulated and real data sets. With simulations, the true
HBD levels are known, whereas with real data, the methods
were evaluated in more realistic data structures and conditions.
Therefore, we used a design that can be applied to both datasets,
taking advantage of the genotyped trios available for the real
data. In this design, we used the parental genotypes to perform
the predictions and the offspring genotypes to evaluate their ac-
curacy (Figure S1). The genotypes of the offspring provide the
possibility to estimate its realised inbreeding. In particular, with
sequence data, genotypes are available for all variants, allowing
accurate estimation of whole-genome heterozygosity (Kardos
et al. 2016; Alemu et al. 2021).

The accuracy was then assessed using the correlations between
the predicted and reference genome-wide levels of HBD (defined
as the average locus-specific HBD levels). For locus-specific
predictions, the correlations between predicted and reference
locus-specific levels of HBD were computed, and ROC curves
associated with these predictions were derived. We also com-
pared reference and predicted HBD levels for both genome-wide
and locus-specific predictions.

2.4 | Software and Parameters Used for Prediction
of Homozygosity-By-Descent

For evaluation, offspring genotyping data were first removed
from the analysis. Parental genotypes were then phased using
Beagle 5.4 (Browning et al. 2021) and default parameters. The
software used to predict global and locus-specific HBD lev-
els in offspring based on parental genotypes or haplotypes are

listed in Table 1 and Table S1. For all methods, we tried to
use default and recommended parameters as much as possi-
ble, but when this resulted in detection of at best a few long
IBD segments, we relaxed the parameters (Table S1). This was
the case for TRUFFLE, ROH identified using PLINK (Purcell
et al. 2007) and phasedibd. For the majority of rule-based
methods, the minimum segment length was 2Mb while the
minimum number of SNPs per segment ranged from 40 to
128. IBD_Haplo (Thompson 2008) was run either with gen-
otypes (IBD_Haplo9c), or with haplotypes (IBD_Haplol5c)
and the transition matrix described in Brown et al. (2012).
For RZooRoH (Bertrand et al. 2019), we used a ‘layer’ model
(Druet and Gautier 2022) with 6 HBD classes with predefined
rates R ={5; 25; 125; 625; 3125; 15,625}. We then estimated
IBD between each pair of parental haplotypes using posterior
probabilities from HBD classes with R <25 (recent IBD—
ZooRoH-25) or from HBD classes with R <125 (total IBD
or ZooRoH-125). The last HBD classes were not included as
they are less reliable (only a few SNPs per segment) and more
dependent on allele frequencies like maximum likelihood es-
timators (Alemu et al. 2021). In addition, we ran a model esti-
mating the rate of a single HBD class (ZooRoH-1R).

By default, methods use allele frequencies estimated from the
sample, although ideally those of the base population should
be used. Therefore, we also tested methods that accept external
frequencies as input (IBD_Haplo, ZooRoH, LocalNgsRelate,
GRM and UNI) with founder allele frequencies estimated
using the gene content approach of Gengler, Mayeres, and
Szydlowski (2007). SNPs with a founder MAF <0.005 were
discarded.

TABLE1 | Main properties of the methods used to predict levels of homozygosity-by-descent in a future offspring of a genotyped pair of parents.
The table also indicates whether the methods use genotype (GEN) or haplotype (HAP) data and the names of the corresponding software. The
STATES, PAIR and PANEL approaches are described in the main text and in Figure 1. See Table S1 for further details on the options used for the

different programmes.

Method name Data Approach Software
IBD_Haplol5c HAP 15-STATES Model-based IBD_Haplo
IBD_Haplo9c GEN 9-STATES Model-based IBD_Haplo
GIBDLD GEN 9-STATES Model-based IBDLD
LocalNgsRelate GEN 3-STATES Model-based LocalNgsRelate
TRUFFLE GEN 3-STATES Rule-based TRUFFLE
ZooRoH HAP PAIR Model-based RZooRoH
PLINK ROH HAP PAIR Rule-based PLINK
phasedibd HAP PANEL Rule-based phasedibd
hap-IBD HAP PANEL Rule-based hap-IBD
GERMLINE HAP PANEL Rule-based GERMLINE
Refined IBD HAP PANEL Hybrid Refined IBD
UNI GEN / / GCTA—algo0
GRM GEN / / GCTA—algol
Pedigree Pedigree / / In-house script
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2.5 | Data
2.5.1 | Simulation Study

We simulated two populations with small N, in the most re-
cent generations. These demographic histories, characterised
by successive reductions in N, were chosen to obtain levels of
inbreeding and genomic structure similar to those observed in
the two real datasets (see below). The scenarios resulted in mod-
erate and high levels of inbreeding, corresponding to the levels
observed in a typical livestock population (dairy cattle) and an
endangered wild population (the Mexican wolf).

Simulations were performed with SLiM 4.0.1 (Haller and
Messer 2023) and msprime 1.2.0 (Baumdicker et al. 2022)
using forward-time simulation and recapitation (Haller
et al. 2018). For both populations, individual genomes con-
sisted of 25 chromosome pairs of 100 cM each. Recombination
and mutation rates were set to 1078 per bp. The initial popula-
tion consisted of 10,000 randomly mating diploid individuals
with a balanced sex ratio. Subsequent evolution of demo-
graphic parameters is described in Figure 2. In total, 100 and
20 offspring were simulated in the last generation in the mod-
erate and high inbreeding scenarios respectively. The simu-
lated data consisted of the trios formed by these offspring and
their parents. In each replicate, we selected a subset of 5000 or
25,000 evenly spaced bi-allelic markers with an MAF >0.01
to obtain a uniform MAF distribution as typically found on
genotyping arrays (corresponding to low and medium-density
arrays with 2 SNPs/cM and 10 SNPs/cM). In addition, we kept
track of the pedigree for the last 15 generations. Each scenario
was repeated 100 times.

We used the tree sequence recording feature available in SLiM
to keep track of the true local ancestry at each marker posi-
tion for each individual. At each position, HBD was then de-
clared if the time to the most recent common ancestor was less
than the age (in generations) of the defined base population.
We used three different base populations to define the refer-
ence levels of inbreeding, corresponding respectively to recent
inbreeding only (young base population set to 15 genera-
tions—Fyong)> 10 50 generations of inbreeding (intermediate
base population—F,,;)) and to a large number of generations
including ancient inbreeding (ancient base population set to
500 generations—F ).

2.5.2 | Dutch Holstein Data Set

The first real data set represents a population typical of livestock
species, with a small N, and under intense selection. We used
whole-genome sequence data (8,417,679 SNPs) available for 264
Dutch Holstein individuals from the cattle pedigree previously
used by Oget-Ebrad et al. (2022). This pedigree can be divided
into 127 parents, corresponding to 84 different pairs, and their
98 offspring. Offspring belonging to a sequenced trio that were
also parents in another trio were excluded from the list of se-
quenced parents. The pedigree available for these individuals
consisted of 12,238 individuals. The 127 parents had on average
99.8%, 67.6% and 5.7% known ancestors in their 5th, 10th and
15th pedigree generation, respectively.
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Scenario Scenario
\d
\l” |
‘-o & i
Loy
€
3
10000 10000 2
s
o
100 10 ©
A
1800 1000
o
Q0
© B
= 50— 50— S
9]
T 500
& 360
25—
20— 200
180 15—
10 10
m 20
0 0— . v

[ Present sire-dam-offspring trios ]

FIGURE2 | Simulated demographic scenarios. We simulated a mod-
erately inbred population corresponding to a typical livestock popula-
tion (e.g., dairy cattle), and a highly inbred population corresponding
to an endangered wild population under conservation (similar to the
Mexican Wolf). In both scenarios, we run a forward-in-time simula-
tion with an initial population of N,=10,000 and equal sex ratio. In the
moderate and high inbreeding scenario, the proportion of males for the
subsequent generations was set to 0.1 and 0.5, respectively. The figure
represents the evolution of N across generations.

The reference inbreeding measures were computed using
ZooRoH and the whole-genome sequence data because in-
breeding estimation with ZooRoH proved highly accurate on
the simulated data (Table S2). In addition, the model has been
proven accurate and robust to genotyping errors in previous
studies. We ran a ‘layer’ model (Druet and Gautier 2022) with 6
HBD classes with fixed rates R ={5; 25; 125; 625; 3125; 15,625}
on the sequence data from the offspring only. Recent inbreeding
Fyoune Was defined using only posterior HBD probabilities of
classes with R <25, while F,;;; and F ., were obtained using
HBD classes with R <125 and R <3125, respectively. These
correspond approximately to base populations set at 12.5, 62.5
and 1500 generations in the past.

2.5.3 | Mexican Wolf Data Set

We also evaluated the accuracy of the methods in a population
with higher levels of inbreeding and under a conservation pro-
gramme. It consisted of 13 trios from the endangered Mexican
Wolf (Canis lupus baileyi) population genotyped using the
Illumina CanineHD BeadChip array (Illumina Inc., San Diego,
CA). This population was reintroduced into the wild in the
1990s. It is derived from three unrelated captive lineages, called
McBride, Aragon and Ghost Ranch, each descended from 2 or
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3 founders. The trios were extracted from a data set including
88 wolves genotyped for 118,287 SNPs (Fitak, Rinkevich, and
Culver 2018a). One individual was excluded for having more
than 10% Mendelian inconsistencies with its parents. In addi-
tion to the original filtering, we kept only markers with call rate
>0.90, MAF >0.01, without Mendelian conflicts and in Hardy-
Weinberg equilibrium (p > 0.05). The final set included 87 indi-
viduals genotyped for 54,037 SNPs, of which we used 13 trios in
our validation experiment. The reference inbreeding measures
were computed using the 54,037 selected SNPs and the same
approach as for the cattle data set.

2.6 | Impact of Marker Density
and Genotyping Method

The methods were evaluated with different marker panels,
such as low- and medium-density genotyping arrays. For the
simulated data sets, these corresponded to densities of 2 and
10 SNPs per Mb. For the cattle data set, we selected markers in
common with the Illumina BovineLD and BovineSNP50 com-
mercial arrays. This resulted in a selection of 5388 and 29,375
SNPs respectively (approximately 2 and 10 SNPs per Mb). In
addition, the sequence data allowed us to mimic genotyping-
by-sequencing (GBS) data. To do this, we performed an in silico
digestion of the bovine reference genome using the Pstl restric-
tion enzyme using the GBSX package (Herten et al. 2015). We
selected 72,828 fragments out of 1,503,470 fragments with a
length between 200 and 300bp. The distance between frag-
ments is shown in Figure S2. A total of 60,842 SNPs from the
WGS data were located in the selected fragments. To account
for allelic dropout (Gautier et al. 2013), when an SNP was lo-
cated near the restriction site (+3 bp), heterozygous individuals
were considered homozygous in the associated fragment for the
haplotype carrying the reference alleles (the other haplotype
was not amplified). If individuals were homozygous for the al-
ternate alleles of the SNP in the restriction site, all genotypes in
the associated fragment were set to missing. We then filtered
out SNPs surrounding the restriction site (£3bp), those with
more than 5% missing genotypes or MAF <0.01. This resulted
in a GBS panel of 56,098 SNPs (GBS-50K). To further reduce the
number of markers, we first selected fragments with a length
ranging between 250 and 300bp, resulting in a panel of 31,339
SNPs (GBS-30K). A smaller panel of 15,493 SNPs (GBS-15K)
was obtained by randomly sampling half of these fragments.
Finally, we used only one marker density for the wolves (54,037
SNPs, corresponding to about 20-25 SNPs per Mb). In addition
to their variable marker densities, the different marker panels
differ in the distribution of their MAF and of their marker spac-
ing (Figure S3). These elements could also influence the prop-
erties of the prediction methods. Note that for the analysis of
low-marker-density panels with rule-based methods, we had to
reduce the minimum number of SNPs in a segment criterion to
25 (Table S1). In addition, for ROH identification with PLINK
and the low-marker-density or GBS-15K panels, we set the
maximum marker spacing to 1Mb and the minimum marker
density to 2 and 4 SNPs per Mb, respectively (Table S1). Such
loose parameters are rarely used and have not been validated,
but were necessary at these lower marker densities to identify
some IBD segments.

3 | Results

The simulated data closely matched the inbreeding levels and
partitioning of HBD observed in the corresponding real data
(Figure S4). Comparisons also illustrate that dairy cattle and
Mexican wolf populations, and the corresponding simulations,
provide complementary scenarios.

3.1 | Accuracy of Predicted Genome-Wide
HBD Levels

We first evaluated the predictions obtained using medium-marker
density. The correlations between predicted and reference levels
of HBD for the 16 methods compared and the four scenarios are
shown in Figure 3 and Figure S5 (significance levels of pairwise
comparisons are available in Table S3). The reference levels of
HBD were defined with respect to different base populations, cor-
responding to approximately 15, 50 and 500 generations.

3.1.1 | Results of the Simulations

The correlations were high, ranging from 0.78 to 0.86 and from 0.74
t0 0.83 in the moderate and high inbreeding scenarios, respectively
(Figure 3A,C). The ranking of the methods was comparable in the
two simulation scenarios and for the different base populations.
Several methods, including IBD_Haplol5c, ZooRoH, phasedibd,
PLINK ROH and hap-IBD, were consistently among the best
methods. Using unphased data with IBD_Haplo (IBD_Haplo9c)
also performed well, but was generally less accurate than using
phased data (IBD_Haplol5c). For ZooRoH, only minor differences
were observed between the three models tested. Among the three
best rule-based approaches, the correlations obtained with hap-
IBD (minimum 100 SNPs) were generally slightly lower than those
obtained with phasedibd or PLINK-ROH (minimum 40-50 SNPs).
Other methods achieved lower correlations or presented variable
performances. Finally, the vast majority of genotype-based predic-
tors outperformed the pedigree-based predictions.

In the simulations, we could also compare the true and predicted
inbreeding levels (Figure S6). The best model-based approaches
and phasedibd predicted higher inbreeding levels, slightly below
the true levels when the base population was intermediate (50
generations ago). Considering a more recent base population
resulted in an overestimation of future inbreeding levels in the
moderate inbreeding scenarios, but predictions remained unbi-
ased in the high inbreeding scenario (see Figure S6 for perfor-
mance of other methods).

3.1.2 | Evaluation With Real Data

Compared to the simulations, the correlations between pre-
dicted and reference HBD levels were lower in the cattle data
set (Figure 3B), which contains about 100 trios for evaluation,
and higher in the wolf population, where we have only 13
trios (Figure 3D). Regarding the relative performance of the
evaluated methods, some trends observed in these two real
data sets were similar to those highlighted with simulated
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FIGURE3 | Correlations between predicted and reference genome-wide levels of HBD for the 16 methods compared and the four scenarios, using

a medium-density array. Methods and their abbreviation are described in Table 1. (A) moderately inbred simulated population; (B) cattle data set; (C)

highly inbred simulated population; (D) Mexican Wolf data set. The reference levels were defined for either a recent or an intermediate base popula-

tion (approximately 15 or 50 generations ago, respectively). Mean and 99% confidence intervals are shown for the simulated scenarios.

data. IBD_Haplol5c, ZooRoH, PLINK ROH and phasedibd
performed well, closely followed by hap-IBD. As in the sim-
ulated data set, IBD_Haplo performed better with haplotypes
(IBD_Haplol5c) than with genotypes (IBD_Haplo9c) in the
cattle data, while the performances of different ZooRoH mod-
els were close. The SNP-by-SNP approaches still had variable
performances, achieving the highest correlations in the wolf
population but almost the worst prediction in the cattle data
set. Interestingly, the correlations obtained with the pedigree-
based approach were quite high, among the best methods, es-
pecially for recent HBD levels.

3.2 | Results for Locus-Specific HBD Levels
3.2.1 | Accuracy Comparison

We then evaluated the methods in terms of the accuracy of
locus-specific correlations (Figure 4, Figures S7 and S8). The
SNP-by-SNP-based and pedigree-based methods were not in-
cluded in these comparisons because they only provide genome-
wide predictions. As expected, prediction accuracies decreased
compared to genome-wide predictions averaged over many
more loci. Overall, the best methods were almost the same as
for genome-wide predictions (Figure 4A,C). However, the best
model-based approaches (IBD_Haplol5c and ZooRoH models)

now outperformed the best rule-based methods (phasedibd and
PLINK ROH). With regard to the model-based approaches, the
disadvantage of using unphased data (IBD_Haplo9c vs. IBD_
Haplol5c) was more pronounced, while the three ZooRoH mod-
els still had similar performances. Interestingly, the prediction of
recent HBD (ZooRoH-25) was more accurate at predicting HBD
levels defined with respect to a recent base population, which was
not clearly observed with genome-wide predictions. The other
evaluated methods achieved lower accuracies or showed variable
performances. These observations were consistent across all eval-
uated scenarios with both simulated (Figure 4A,C, Figure S7) and
real data sets (Figure S8), with a few rare exceptions.

3.2.2 | Additional Evaluation Metrics

When the locus-specific accuracy was assessed using ROC
curves (Figure 4B,D, Figure S9) and the associated AUC
(Figures S10 and S11), these trends were confirmed. The ad-
vantages of the best model-based approaches were even clearer.
ZooRoH and IBD_Haplol5c were indeed associated with the
highest AUC across all scenarios. Most often, ZooRoH models
were the best, especially when the base population was more
ancient. For more recent reference HBD levels, predictions using
ZooRoH-25 (recent HBD only) were better than those using
Z0ooRoH-125.
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FIGURE 4 | Locus-specific accuracy of 13 HBD prediction methods in the simulated data sets using a medium-density array. Methods and their
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ulation. The Receiver operating characteristic (ROC) curve for each method were also computed (B and D), with coloured curves for the eight best

methods. Their relative ranking in terms of AUC is also specified.

Finally, we also compared predicted and true locus-specific HBD
levels in simulations (Table S4). For an intermediate reference pop-
ulation, the ZooRoH models and IBD_Haplol5c were relatively
well calibrated (i.e., the predicted HBD levels matched the true lev-
els), suggesting that HBD is neither under- nor overestimated. For
example, when no IBD segments were detected among the parents
(locus-specific predictions of 0), the offspring were not HBD at that
position (low false-negative rate). Other methods had higher rates
of false negative predictions (e.g., offspring were HBD at some ge-
nomic position although the predicted values were zero). As with
genome-wide predictions, the two model-based approaches over-
predicted future inbreeding levels in the moderate inbreeding sce-
narios when considering a recent base population.

3.3 | Impact of Marker Density and Genotyping
Method on Accuracy of HBD Predictions

To reduce genotyping costs, low-marker-density panels or GBS
data are commonly used in genomic studies of wild populations,
conservation genetics or livestock species. To evaluate HBD pre-
dictions in such data, we relied mainly on the cattle data, for which
low-marker-density panels are available (Boichard et al. 2012) and
for which we could use the reference genome to generate in silico

GBS panels. In addition, we also defined a low-marker-density
panel in the simulations. Below, the prediction accuracies ob-
tained with these “reduced” marker panels are expressed relative
to those achieved with medium-density genotyping arrays.

3.3.1 | Genome-Wide Predictions of Inbreeding

With the cattle data, the methods that achieved the high-
est correlations using low-marker density (Figure 5A) or GBS
data (Figure 5B-D) were generally the same as those that per-
formed well at medium-marker density. Indeed, although the
correlation decreased for some methods, the best model-based
approaches (IBD_Haplol5c, ZooRoH) were relatively robust,
while some rule-based approaches such as phaseibd or hap-
IBD were sometimes even more accurate, allowing them to
frequently reach the top of the ranking (e.g., with GBS-30K
and GBS-50K). With GBS data, the correlations were generally
lower than those obtained with genotyping arrays with a similar
number of markers (Figure 5A-D, Figure S12). Interestingly, the
rank of the pedigree-based predictor increased, especially when
fewer markers were available (low-density, GBS-15K or GBS-
30K) or when predicting recent HBD levels (Figure S13). Similar
trends were observed for low-density marker analyses in the
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Correlations between predicted and reference genome-wide (A-D) or locus-specific (E-H) HBD levels for the 16 evaluated methods in

the cattle data set using reduced genotyping arrays. Methods and their abbreviation are described in Table 1. Correlations obtained with low-density
(A and E) or genotype-by-sequencing (GBS) (B-D and F-H) data were compared to those achieved with the medium-density array (triangles vs. dots).
Reference inbreeding was estimated using the intermediate base population F MID-

simulations (Figure S14), although the accuracy of phasedibd
decreased in one scenario. Overall, the best methods were still
accurate with these different panels, resulting in correlations
close to those obtained at medium marker densities. However,
the predicted HBD levels with low-marker-density panels were
generally lower (Figure S6), even for rule-based methods for
which parameters have been relaxed. This suggests that fewer
IBD segments are captured at lower marker densities. We also
observed that the impact of reduced genotyping information was
slightly less for the prediction of recent inbreeding in the simu-
lations (Figure S14). PLINK-ROH and ZooRoH-1R were among
the methods that showed a greater reduction in accuracy, with
degraded performance at low-marker density and GBS data, re-
spectively (Figure 5A-D).

3.3.2 | Locus-Specific Predictions

The performance reduction was more pronounced for locus-
specific predictions, especially when fewer markers were used,
such as with the low-marker-density (Figure 5E) or GBS-15K
(Figure 5F) panels. The accuracy of some rule-based methods
increased with GBS-30K and GBS-50K (Figure 5G,H). However,
itis important to note that locus-specific accuracy was evaluated
at the marker positions, and with GBS data, this corresponds to
small fragments with high marker density. Nevertheless, the

ZooRoH models (with multiple HBD classes) were relatively
stable and achieved the highest correlations for locus-specific
predictions, followed by IBD_Haplol5c, both with the cattle
data (Figure 5E-H) and in simulations (Figure S14). The impact
of reduced genotyping information was clearly less for the pre-
diction of the most recent inbreeding levels (Figure S14). These
locus-specific trends were confirmed by ROC curves and AUC
values (Figures S10 and S11). As could be expected with lower
marker density, locus-specific HBD levels were underestimated
more often than with medium-density genotypes (Table S5).

In summary, the best model-based approaches (IBD_Haplol5c
and ZooRoH with multiple HBD classes) were among or close
to the best for genome-wide predictions and outperformed other
methods for locus-specific predictions. With GBS data, some
rule-based methods performed better than model-based ap-
proaches for genome-wide predictions, especially for GBS-30K
and GBS-50K.

3.4 | Accuracy of Predictions When Founder
Allele Frequencies Are Used

Ideally, methods that use allele frequencies in their model
should work with founder allele frequencies, but these are rarely
available. The cattle data set provides an opportunity to estimate
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these founder allele frequencies and to assess the impact of
using founder versus sample allele frequencies in these meth-
ods. For genome-wide prediction of HBD levels (Figure 6A),
the use of founder allele frequencies dramatically increased the
correlations obtained with SNP-by-SNP approaches. Significant
improvements were also observed for IBD_Haplo9c (using un-
phased data), which achieved similar accuracy to IBD_Haplol15c
(using phased data). When using commercial genotyping arrays,
the performance of the other methods was unaffected or slightly
affected at low-marker density (e.g., ZooRoH). With GBS data,
large and modest improvements were observed for ZooRoH-1R
and IBD_Haplol5c, respectively. Nevertheless, ZooRoH-1R was
still less accurate than the other ZooRoH models. For locus-
specific predictions, the allele frequencies used had little effect,
and we did not observe any changes in performance (Figure 6B).

3.5 | Direct Estimation of Relatedness Between
the Parents

The expected inbreeding coefficient of an individual is equal
to the relatedness coefficient between its parents. Similarly,
the prediction of HBD segments in the offspring is closely re-
lated to the identification of IBD segments between the par-
ents. Thus, our evaluation procedure also provides indirect
information on the accuracy of estimation of IBD segments
and relatedness between parents. In simulated data, it is

A Genome-wide

possible to directly assess the efficiency of the same methods
for estimating relatedness. We therefore took advantage of our
simulations to compare the accuracy of relatedness measures
(see Figure S15). The ranking of the methods was the same as
for the prediction of HBD levels, but with higher levels of ac-
curacy and smaller differences between methods. The higher
accuracy may be due to the fact that there is unpredictable
random variation associated with Mendelian sampling in
predicting HBD levels, a feature not present in kinship esti-
mation. Interestingly, the pedigree-based approach was also
less accurate for kinship because it can only estimate expected
relatedness, whereas molecular-based estimators estimate re-
alised relatedness.

4 | Discussion

4.1 | Benefits of Real and Simulated Data
for Evaluation

We herein used simulations and empirical comparisons with
two real data sets, corresponding to a typical livestock species
and a wild population in a conservation programme, to evalu-
ate the accuracy of different approaches used to predict HBD
levels in future offspring of a pair of genotyped parents, im-
portant information for the management of these populations.
The two types of data set we used are complementary. The
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true HBD levels are known in the simulations, whereas more
realistic conditions are obtained with real data sets. These
include levels of relatedness in the sample, past demographic
history, genome and LD structure, distribution of MAF, effects
of past and ongoing selection, levels of genotyping and phas-
ing errors. Evaluations of prediction methods on both types
of data showed the same trends in terms of ranking the meth-
ods, indicating that the empirical analysis of real data was
informative. The two real data sets had different structures.
Mexican Wolves had higher inbreeding levels and a smaller
sample size, which could affect, for example, the accuracy of
phasing and allele frequency estimation. These would be the
typical field conditions in conservation genetics or studies of
wild fauna. The use of small samples might also increase the
impact of random variation in method comparisons. The cat-
tle population had the advantage of containing more whole-
genome sequenced individuals, providing more information
on the true inbreeding levels. In general, valuable information
is available in livestock populations, including deep and ac-
curate pedigrees, a good reference genome and genetic maps,
that are important to identify IBD segments (see also Bosse
et al. 2015). Genotyping marker arrays are also available at
different densities and the reference genome allowed us to
simulate GBS data, although these were probably cleaner than
real GBS data. This illustrates that data available from live-
stock populations might be useful to study techniques that
will be applied in molecular ecology. Here, we had access to
a relatively large sequenced pedigree including many trios, as
needed for our study.

4.2 | Relative Performance of Evaluated Methods

Using these data sets, we evaluated 16 methods for predict-
ing HBD levels in the offspring of genotyped parents (see
Figure S16 for a condensed comparison across all scenarios).
Importantly, we showed that this evaluation is also informa-
tive about the accuracy of the methods for estimating relat-
edness and identifying IBD segments. Such estimators are
useful in more applications than the prediction of HBD levels,
including, for example, diversity management, selection or
control for population structure.

4.2.1 | Performance of Best Model-Based Approaches

In terms of accuracy, IBD_Haplol5c and multiple HBD class
ZooRoH models (ZooRoH-MixKL) were consistently among
the most accurate. IBD_Haplol5c is the most complex model-
based approach as it models the 15 identity states, while
ZooRoH-MixKL, designed to estimate HBD levels within
individuals, conceptually has two main states (HBD and
non-HBD) but adds an additional layer of complexity by parti-
tioning HBD into different length-based classes. Both methods
outperformed the best rule-based methods when information
was reduced, at lower marker density and for locus-specific
predictions. This behaviour has previously been described
for reduced marker panels in Lavanchy and Goudet (2023), at
lower marker densities (Solé et al. (2017); Druet et al. (2020))
and for locus-specific estimation of HBD levels (Alemu
et al. 2021). Such locus-specific predictions could be useful for

managing identified recessive deleterious alleles that cause
genetic defects, loci that are major contributors to inbreeding
depression, predicted harmful mutations, or for maintaining
heterozygosity at specific loci that should have high diversity,
such as the major histocompatibility complex. This could be
particularly valuable in managing populations derived from
a few founders with fully characterised genomes, including at
deleterious loci. This information could also be used to reduce
future HBD levels more specifically for regions predicted to
contribute to genetic load (Bertorelle et al. 2022), as neutral
diversity may not always be representative of extinction risk
(Teixeira and Huber 2021). Locus-specific HBD predictions
could also be used to manage inbreeding and diversity at all
loci simultaneously, using algorithms that optimise all loci
together. Finally, deviations between predicted and observed
locus-specific HBD levels may also reveal segregation biases,
due for example to a recessive lethal variant.

4.2.2 | Behaviour of Best Rule-Based Approaches

For genome-wide HBD predictions and with our parameter set-
tings, phasedibd (minimum 50 SNPs), PLINK-ROH (minimum 40
SNPs) and, to a lesser extent, hap-IBD (minimum 100 SNPs) were
also very accurate. Nevertheless, the performance of PLINK-ROH
and hap-IBD decreased in some configurations, for example at
low-marker density for PLINK-ROH which may be even less ac-
curate in the presence of genotyping errors. Phasedibd performed
well in most scenarios and thus represents an excellent option
for genome-wide predictions, combining accuracy and computa-
tional efficiency. Here we have focused on small samples of in-
terest in conservation genetics and wildlife, where model-based
approaches are still applicable, but this may not be the case for
larger data sets or at higher marker densities (biobanks and large
livestock populations). However, these rule-based approaches
were less accurate for locus-specific predictions, especially with
the genotyping arrays.

4.2.3 | Ranking of Other Methods

The other methods evaluated were less accurate in most scenar-
ios, although they could perform well in some rare exceptions.
In addition, many of them had high variability and therefore
performed particularly poorly in some configurations. The SNP-
by-SNP approaches did not perform well in all configurations,
especially with sample allele frequencies, and only provide
genome-wide predictions, but they have the advantage of being
applicable with sub-optimal genome assemblies or without a ge-
netic map.

4.3 | Method Features Affecting Predictions
Accuracy

4.3.1 | Use of Phased Data and Estimation of Allele
Frequencies

The use of phased data achieved higher accuracy than the use of
genotypes, despite possible errors introduced during the phas-
ing process, consistent with the findings of Gémez-Romano
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et al. (2016). This was also the case for (real) small data sets,
where phasing errors are expected to be more common.
Interestingly, we observed no differences in accuracy using true
versus estimated haplotypes at the genome-wide level, and only
minor differences for locus-specific predictions (Figure S17).
However, accurate statistical phasing is not always possible,
e.g., when physical or genetic marker maps are not available or
with low-fold sequencing data (genotypes are not unambigu-
ously known). Among the methods evaluated, LocalNgsRelate
was the only one to handle low-fold sequencing data. This fea-
ture could also be added to other model-based methods using
unphased data (e.g., IBD_Haplo9c).

Several methods, including the SNP-by-SNP approaches, were
sensitive to the allele frequencies used. In agreement with the-
oretical expectations and the study by Caballero et al. (2022),
better estimators were obtained with founder allele frequen-
cies. Interestingly, the performance of IBD_Haplo9c (using
unphased data) increased close to that of IBD_Haplol5c (using
phased data). This suggests that when phasing accuracy is com-
promised, such as with smaller datasets or low-fold sequencing
data, methods that work with unphased data may be a good
option if founder allele frequencies are available, but this is
unfortunately rarely the case. Here we used the gene content
approach, which requires a relatively large genotyped sample
and a deep pedigree, which are rarely available in conservation
genetics or wildlife. Conversely, it also shows that when founder
allele frequencies are not known, it is better to rely on a method
using phased data. Overall, several methods were robust to
the allele frequencies used, including obviously the rule-based
approaches, but also IBD_Haplol5c and ZooRoH-MixKL. It
should be noted that the allele frequencies used had only a mar-
ginal impact on the accuracy of locus-specific HBD predictions,
which depend more on the homozygosity of the markers around
the target position.

4.3.2 | Rule-Based Methods Parameters

We observed that better results were obtained with the rule-
based methods for which we reduced the minimum number of
SNPs required per IBD segment. Setting this threshold to 50 al-
lowed shorter IBD segments (e.g., 5Mb) to be captured, whereas
only long segments (> 10 Mb) could be captured with the default
settings (>100 SNPs) due to our moderate marker densities,
which were lower than those typically used in human studies.
We subsequently compared the performance of several rule-
based methods with default or adjusted parameters (Table S6)
and found that methods were better with adjusted parameters.
For example, hap-IBD performed as well as phasedibd when
using at least 50 SNPs per IBD segment. This shows that adjust-
ment of parameters is essential in similar populations. Overall,
it confirms that the accuracy of rule-based methods depends
on the selection of optimal parameters, which ideally should
be modified and validated for each new dataset. Here, we used
default parameters as much as possible, but in some cases, we
had to use less stringent parameters. However, we do not rec-
ommend the use of such loose parameters without careful prior
validation (e.g., on simulated data mimicking the characteristics
of the sample being analysed). This also means that when in-
terpreting the relative performance of methods, we should not

exclude the possibility that some methods may perform better
with different parameters, although finding the optimal param-
eters is not always trivial and ultimately depends on the ability
of the users to select good values. Conversely, the model-based
approaches require less parameter definition and adapt better to
different data sets. For instance, the parameters were not modi-
fied at low-marker density.

4.3.3 | Features of Model-Based Approaches

Different characteristics of model-based approaches may also
impact their efficiency. First, we observed that the 3-STATES
models were not among the best methods. This suggests that the
assumption that the parents were non-inbred is not optimal in
populations with small N,. Locus-specific coancestry and pre-
dicted HBD levels are indeed reduced if we ignore that the hap-
lotypes from one or both parents are IBD (e.g., the maximum
value drops from 1 to 0.5), and this can have a significant impact
in inbred populations. Second, using fixed parameters defining
the frequency of IBD (as in IBD_Haplo) or the length of IBD
segments (as in IBD_Haplo or ZooRoH-MixKL) did not result
in worse performance than estimating these parameters (as in
GIBDLD or LocalNgsRelate). Finally, for the ZooRoH models,
we observed that multiple HBD class models were more robust
to variable marker density or assumed allele frequencies than
single-class models. This is consistent with the observation
that pruning strategies are recommended with single HBD-
class HMMs (Leutenegger et al. 2003; Narasimhan et al. 2016;
Vieira, Albrechtsen, and Nielsen 2016), whereas this is not re-
quired with a ZooRoH-MixKL model (Druet and Gautier 2017).
Nevertheless, the ZooRoH-1R performed well with the LD and
MD genotyping arrays.

4.4 | Performance of Pedigree-Based Predictions

We observed that in some configurations, pedigree-based pre-
dictions of HBD levels performed well compared to methods
using molecular data. This is different from estimating individ-
ual levels of inbreeding, where genomic estimators proved su-
perior (Keller, Visscher, and Goddard 2011; Wang 2016). In this
situation, molecular data allow estimation of realised HBD lev-
els, whereas the pedigree-based approach is limited to expected
levels because it cannot predict Mendelian sampling. In the pre-
diction context, both pedigree- and marker-based approaches
are unable to predict Mendelian sampling and therefore achieve
more similar accuracies. The pedigree-based approach thus be-
comes more competitive for predicting recent HBD levels (since
pedigrees only capture recent generations), especially when the
accuracy of molecular-based approaches decreases, such as with
LD marker arrays, some GBS panels, unavailable founder allele
frequencies (for some methods) and inaccurate phasing. These
results are in agreement with Woolliams and Meuwissen (2022),
who suggested that the pedigree-based approaches could be a
good option for genetic diversity management. However, the
pedigree-based estimators require that the genealogy is accu-
rately and deeply recorded, which is not always possible, partic-
ularly in wild populations. This argues for recording pedigrees
as well as possible for population management, even when mo-
lecular data are available (Galla et al. 2022).
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