
ABSTRACT

Managing inbreeding while maintaining genetic gain 
is a critical challenge in dairy cattle breeding programs. 
Current North American genetic evaluations adjust breed-
ing values for expected future inbreeding using genomic 
relationship matrix (GRM) approaches, but runs of ho-
mozygosity (ROH)-based methods may offer advantages 
for detecting recent autozygosity. This study compared 
ROH-based versus GRM-based inbreeding penalties 
across 20 generations of simulated genomic selection. 
Using AlphaSimR, we simulated dairy cattle populations 
under 3 genetic scenarios: additive only, low non-additive 
effects (σ2D/σ2A = 0.10, inbreeding depression = 0.30σG 
per 10% ΔF), and high non-additive effects (σ2D/σ2A = 
0.50, inbreeding depression = 1.20σG per 10% ΔF). Each 
penalty method was tested at 3 intensities (0.5 × , 1 × , 
2 × the inbreeding depression parameter) with 10 rep-
licates per scenario-treatment combination. GRM-based 
penalties achieved lower inbreeding accumulation than 
ROH-based penalties, with differences of 0.13 to 0.22 
in genomic F at matched penalty intensities. However, 
this enhanced inbreeding control was associated with 
reduced genetic gain, with GRM-based selection achiev-
ing 0.6 to 1.7 genetic standard deviations less gain than 
ROH-based selection. GRM-based selection retained 
more additive variance (66–107%) compared with ROH-
based selection (63–74%), with values exceeding 100% 
indicating partial recovery of variance depleted during 
burn-in. Dominance variance retention was also greater 
for GRM-based selection (105–114% vs. 93–98%), re-
flecting maintained heterozygosity. Interestingly, GRM-
based selection accumulated more inbreeding depression 
than ROH-based approaches despite lower inbreeding 

levels, potentially reflecting more effective purging 
under the stronger directional selection maintained by 
ROH-based methods. Results illustrate trade-offs be-
tween inbreeding control and genetic gain, with optimal 
strategy depending on breeding program objectives and 
trait genetic architecture.

INTRODUCTION

Maintaining genetic diversity in dairy cattle popula-
tions is essential for preserving adaptability to future 
breeding goals and avoiding fitness declines (Lozada-
Soto et al., 2022). Genomic selection has substantially 
accelerated genetic gain, with annual progress increas-
ing by 50–192% in various populations (Doublet et al., 
2019; Guinan et al., 2023). This acceleration has been 
accompanied by elevated inbreeding accumulation: post-
genomic selection inbreeding rates of 1.19–2.06% per 
generation have been documented in North American 
Holsteins (Makanjuola et al., 2020a), exceeding the FAO-
recommended threshold of 1% per generation (FAO, 
2013), and effective population sizes for Holstein sires 
have declined to 13–18 in the genomic era (Lozada-Soto 
et al., 2022). These trends raise concerns about long-term 
breeding program sustainability and the accumulation of 
inbreeding depression.

Inbreeding depression — a reduction in phenotypic 
performance due to increased homozygosity at loci ex-
hibiting directional dominance (Charlesworth and Willis, 
2009) — has been documented across production, fertil-
ity, and health traits in dairy cattle. For production traits, 
a 1% increase in inbreeding coefficient is associated 
with reductions of approximately 20–60 kg in milk yield, 
depending on the inbreeding measure used (Doekes et 
al., 2019; Makanjuola et al., 2020b). Fertility and health 
traits, being more closely related to fitness, often exhibit 
proportionally greater depression effects (Howard et al., 
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2017). Dominance variance contributes substantially to 
genetic variation in dairy cattle, accounting for 5–7% of 
total phenotypic variance for yield traits and up to 50% 
of genetic variance for some functional traits (Sun et al., 
2014; Ertl et al., 2014), underscoring the importance of 
understanding how inbreeding management strategies af-
fect dominance variance dynamics.

Several approaches have been proposed to manage in-
breeding in dairy cattle breeding programs. Optimal con-
tribution selection (OCS) maximizes genetic gain while 
constraining the rate of inbreeding through optimization 
of parental contributions (Meuwissen, 1997), but prac-
tical implementation in commercial dairy breeding has 
proven difficult given the dispersed nature of breeding 
decisions across AI organizations and farms (Weigel and 
Lin, 2002; Cole, 2023). As an alternative, North Ameri-
can genetic evaluation systems have developed measures 
to predict the expected inbreeding of future progeny. In 
the United States, VanRaden and Smith (1999) intro-
duced expected future inbreeding (EFI), which estimates 
an animal's average pedigree relationship to a recent 
female cohort; this measure is formally incorporated into 
CDCB genetic evaluations as a deduction from published 
PTAs, applied as b(EFI − EFIbase) where b reflects 
trait-specific inbreeding depression estimates (approxi-
mately $40 per 1% EFI for Net Merit). More recently, 
genomic future inbreeding (GFI) was developed using 
genomic rather than pedigree relationships to the same 
female cohort (VanRaden et al., 2011); GFI is published 
alongside PTAs as an information metric and correlates 
0.83–0.84 with pedigree-based EFI in Holstein popula-
tions (VanRaden et al., 2011). Similarly, Van Doormaal 
et al. (2003) developed the Relationship Value (R-Value) 
for the Canadian Dairy Network, which is published as 
producer guidance to identify outcross bulls; unlike EFI 
in the US, the R-Value is not applied as an automatic 
penalty on published LPI or Pro$ values. To our knowl-
edge, no other major national dairy cattle evaluation 
currently adjusts published total merit indexes for ex-
pected future inbreeding in this manner: the Dutch NVI, 
Nordic NTM, German RZG and RZ€, French ISU, UK 
PLI, and Australian BPI all manage inbreeding through 
optimal contribution selection constraints, mating tools, 
or trait-model covariates. Italy's ANAFIBJ is develop-
ing a ROH-based genomic expected future inbreeding 
measure (Gefi) with direct comparisons to CDCB GFI 
(van Kaam et al., 2024), representing the most substan-
tive development toward equivalent implementation 
outside North America. Limitations of EFI adjustments 
have been noted: elite bulls that drive genetic change are 
often extreme outliers for which PTA adjustments may 
not cause substantial re-ranking (Cole, 2023), and the 
Holstein base population EFI rising from 7.5% to 9.4% 
between 2015 and 2020 (CDCB, 2025) indicates that the 

population is becoming uniformly more related, reducing 
the discriminatory power of individual future inbreeding 
penalties.

The choice of inbreeding coefficient calculation 
method affects both the accuracy of estimation and the 
effectiveness of management strategies. Genomic rela-
tionship matrix (GRM)-based inbreeding coefficients 
reflect genome-wide departure from Hardy-Weinberg 
expectations relative to a base population (VanRaden, 
2008). Runs of homozygosity (ROH)-based inbreeding 
coefficients (FROH) identify contiguous stretches of ho-
mozygous genotypes likely originating from a common 
ancestor (McQuillan et al., 2008) and show higher cor-
relations with homozygous mutation load than marker-
by-marker approaches (Keller et al., 2011). ROH length 
also carries temporal information: segments greater than 
16 Mb reflect inbreeding within approximately 3 genera-
tions (Curik et al., 2014), which is relevant because recent 
inbreeding causes more severe depression than ancient 
inbreeding (Doekes et al., 2019; Ablondi et al., 2023). 
GRM-based approaches, by contrast, offer computational 
advantages and direct integration with genomic predic-
tion models. Despite these established differences, the 
relative effectiveness of ROH-based versus GRM-based 
measures for long-term inbreeding management has not 
been thoroughly evaluated.

Several knowledge gaps remain. The relative effective-
ness of ROH-based versus GRM-based expected progeny 
inbreeding penalties for controlling inbreeding accumu-
lation over multiple generations of selection has not been 
compared through simulation. The effects of these ap-
proaches on inbreeding depression dynamics and domi-
nance variance are poorly understood: selection might 
create homozygosity at QTL where dominance effects 
are expressed, increasing depression even when genome-
wide measures are controlled. No study has examined 
how genetic architecture — specifically the proportion of 
dominance variance relative to additive variance — af-
fects the relative performance of these strategies. Finally, 
the potential for trait architecture to shift under sustained 
genomic selection, with dominance effects becoming 
relatively more important as additive variance is eroded 
by the Bulmer effect (Wientjes et al., 2022), has not been 
investigated in the context of inbreeding management.

Through a simulation framework, the objectives of this 
study were to: compare the effectiveness of ROH-based 
versus GRM-based expected progeny inbreeding penal-
ties for controlling inbreeding accumulation over 20 
generations of simulated dairy cattle genomic selection; 
evaluate the effects of these penalty approaches on ge-
netic gain, additive and dominance variance components, 
and inbreeding depression across genetic scenarios with 
different levels of non-additive variance; and assess how 
genetic architecture, specifically the ratio of dominance 
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to additive variance, affects the relative performance of 
these inbreeding management strategies.

MATERIALS AND METHODS

All simulations were performed with AlphaSimR ver-
sion 1.5.3 (Gaynor et al., 2021) in R (v 4.3.1). The simu-
lation framework was designed to mimic a commercial 
dairy cattle breeding program operating under genomic 
selection and followed the parameterization from Loza-
da-Soto et al. (2024). The overall experimental design is 
illustrated in Figure 1.

Genome and Population Simulation

A diploid genome consisting of 6 chromosomes was 
simulated, with each chromosome containing 2,000 bial-
lelic single nucleotide polymorphism (SNP) markers and 
2,000 quantitative trait loci (QTL), yielding a total of 
12,000 markers and 12,000 QTL genome-wide. This was 
done to approximate a medium-density SNP array com-
monly used in livestock genomic selection. Markers and 
QTL were uniformly distributed along chromosomes with 
positions sampled from a uniform distribution. Founder 
population initial allele frequencies were sampled from a 
β distribution B(α = 1.0, β = 1.0) to approximate a uni-
form distribution of allele frequencies reflecting stand-
ing variation in outbred livestock populations before 
selection.

True Breeding Value selection (TBV) served as a posi-
tive control representing the theoretical maximum genet-
ic gain achievable with perfect information. Under TBV 
selection, individuals were ranked and selected directly 
on their additive breeding value without estimation er-

ror. The breeding value was calculated as TBVi = ∑jαjxij 
where xᵢⱼ is the gene content (centered on the mean) for 
individual I at QTL j.

Genetic Scenarios

Three genetic scenarios were simulated to represent 
a spectrum of non-additive genetic architectures com-
monly observed in livestock populations. The Additive 
Only scenario served as a baseline. Dominance variance 
was set to zero (σ2D = σ2D/σ2A = 0) and consequently no 
inbreeding depression (ID) occurred (ID = 0).

In the Low Non-Additive scenario dominance variance 
was set with a ratio of σ2D/σ2A = 0.10 (σ2D = 10) and an 
inbreeding depression parameter of ID = 3, correspond-
ing to a loss of 0.30 genetic standard deviations (σG) per 
10% increase in the genomic inbreeding coefficient. This 
scenario represents production traits exhibiting modest 
directional dominance, consistent with estimates for pro-
duction and growth rate in cattle (Leroy, 2014).

The High Non-Additive scenario was created with 
a dominance variance ratio of σ2D/σ2A = 0.50 (σ2D = 
50) and an inbreeding depression parameter of ID = 12, 
corresponding to a loss of 1.20 σG per 10% increase in 
inbreeding, to mimic fitness-related traits with substan-
tial inbreeding depression exhibiting stronger directional 
dominance.

We defined ID as the expected reduction in mean phe-
notypic value per unit increase in the genomic inbreeding 
coefficient, reflecting the cumulative effect of increased 
homozygosity at loci exhibiting directional dominance 
so that magnitude of inbreeding depression scaled ap-
propriately with the level of dominance variance in each 
scenario.

Maltecca et al.: Effects of ROH-based versus…

Figure 1. Experimental design. (A) EBV accuracy progression across burn-in and tracking phases. (B) Three genetic scenarios varying in domi-
nance variance ratio (VarD/VarA) and inbreeding depression severity. (C) Population structure and selection methods compared during the tracking 
phase. Ten replicates per scenario-method combination.
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A base population of 10,000 individuals (500 males, 
9,500 females) was generated through 10 generations of 
random mating to establish linkage disequilibrium pat-
terns and minor allele frequency distributions consistent 
with populations that have experienced historical genetic 
drift but little selection. Each generation, 200 sires and 
5,000 dams were selected from 500 male and 9,500 fe-
male candidates based on the criterion specific to each 
experimental treatment, and mated at approximately 25 
matings per sire to produce 5,000 offspring. This ratio re-
flects the reproductive asymmetry of dairy cattle breed-
ing programs, where artificial insemination enables high 
selection intensity on the male pathway while female se-
lection intensity is constrained by reproductive capacity.

Burn-in and Tracking Phases

Simulations comprised 2 phases. The burn-in phase 
(generations 1–130) subjected all replicates to identical 
EBV selection to establish realistic patterns of inbreed-
ing accumulation and genetic variance depletion before 
the comparison of selection methods, creating common 
starting conditions across experimental treatments. EBV 
accuracy was varied across the burn-in phase to mimic 
the historical evolution of genetic evaluation methods in 
dairy cattle populations, with r = 0.30 during generations 
1–29 and r = 0.50 during generations 30–130.

This burn-in period rather than providing a histori-
cally accurate reconstruction of population selection 
history was designed to ensure that genomic inbreeding 
had accumulated to levels typical of modern intensively 
selected livestock populations (mean FG ≈0.55 at burn-
in end, relative to the founder base population), that ad-
ditive genetic variance had been substantially depleted 
through directional selection (from the founder value of 
100 to ~40), that realistic patterns of linkage disequi-
librium had developed, and that all replicates shared a 
common genetic history before experimental treatments 
were applied.

The tracking phase from generation 130–150, was a 
20-generation period during which alternative selection 
methods were compared. During this phase, EBV ac-
curacy was increased to r = 0.75, mimicking a modern 
genomic selection scenario. The different selection 
methods were applied beginning at generation 131, and 
all genetic parameters were recorded at each generation 
for subsequent analysis. For clarity of discussion, gen-
eration numbering in results refer to the tracking phase, 
so that “Generation 1” refers to generation 131 of the 
full simulation timeline and “Generation 20” refers to 
generation 150.

Selection Methods

Two control methods and 2 penalized selection meth-
ods were evaluated, with penalized methods tested at 3 
penalty intensities. Under TBV selection (positive con-
trol), individuals were ranked directly on true genetic 
merit without estimation error, providing an upper bound 
on selection response equivalent to EBV accuracy of 
unity. Under EBV selection (standard practice control), 
individuals were ranked on estimated breeding values 
generated as EBVi = TBVi + εi, where εᵢ is normally 
distributed with mean zero and variance calibrated to 
achieve r = cor(TBV, EBV) ≈ 0.75. A uniform accuracy 
was applied to both sexes, rather than the lower female 
accuracy typical of progeny-based evaluation, to isolate 
the effects of inbreeding penalty methods from sex-
specific accuracy differences and to reflect the reduced 
accuracy gap achievable under genomic selection, where 
direct genotyping provides information independent of 
progeny performance.

Inbreeding Penalty Indices

The GRM-based penalty method (GFI) incorporated 
expected progeny inbreeding into the selection criterion 
by constructing a penalized index that combined EBV 
with the expected inbreeding of future offspring. Selec-
tion was performed on GFIi = EBVi – λGRM × Fprogi, 
where EBVᵢ is the estimated breeding value for selection 
candidate i, Fprogi is the expected genomic inbreeding 
coefficient of progeny if candidate i were mated to the 
current breeding female population, and λGRM is the pen-
alty weight. Expected progeny inbreeding was calculated 
as half the average genomic relationship between each 
selection candidate and all active dams: 
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
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1 £ , where Gij is the genomic 

relationship between candidate i and dam j. The genomic 
relationship matrix G was constructed following Van-
Raden (2008) Method 1 using base population allele 
frequencies to ensure compatibility with pedigree-based 
inbreeding scales.

The ROH-based penalty method (ROFI) similarly in-
corporated expected progeny inbreeding into selection 
but utilized runs of homozygosity to quantify autozygos-
ity. Selection was performed on ROFIi = EBVi – λROH × 
Fprogi, where expected progeny inbreeding was approxi-
mated as Fprog F Fi ROH ROHi dams

� � � � �/� ,= +( ) 2  with FROHi � being 
the ROH-based inbreeding coefficient of candidate i and 
FROHdams

 being the mean ROH-based inbreeding coeffi-
cient across all active dams.
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An exact ROH-based measure of expected progeny 
inbreeding would require detecting shared haplotype 
segments between each candidate and all potential mates 
to construct a segment-based relationship matrix, with 
expected progeny inbreeding calculated as half the aver-
age relationship to the dam population, analogous to the 
GRM method. However, pairwise haplotype comparisons 
scale quadratically with population size, making this ap-
proach computationally challenging at breeding program 
scale. The approximation used here exploits the correla-
tion between individual autozygosity and average relat-
edness to the population, requiring only individual-level 
ROH calculations. Both ROFI and GFI indexes were 
implemented in custom C++ code.

ROH Detection. Runs of homozygosity were identi-
fied using a sliding window approach implemented in 
custom C++ functions. Genotypes were converted to a 
binary homozygosity indicator (1 for homozygous, 0 for 
heterozygous), and consecutive homozygous segments 
were identified and merged into ROH for each individual 
and chromosome. A segment was classified as an ROH 
if it contained a minimum of 70 consecutive homozy-
gous SNPs with no heterozygous genotypes permitted, 
corresponding to a minimum physical length of approxi-
mately 3.5 Mb given the marker density of 20 SNPs/Mb. 
This threshold was chosen to ensure reliable detection 
of true autozygous segments while accommodating the 
moderate marker density of the simulated array. Higher 
thresholds capture more recent inbreeding but yield 
fewer and shorter detectable segments, reducing dis-
criminatory power; more stringent thresholds targeting 
recent inbreeding (e.g., > 16 Mb segments reflecting ~3 
generations) would require 320+ consecutive homozy-
gous SNPs, substantially reducing detection power at the 
marker density used here.

The ROH-based inbreeding coefficient for each indi-
vidual was calculated as F L LROH k k genomei

= £ / , where Lk 
represents the physical length of the k-th ROH segment 
and Lgenome represents the total length of the autosomal 
genome covered by markers (600 Mb across 6 chromo-
somes).

Penalty weights (λ) were scaled relative to the inbreed-
ing depression parameter (ID) of each scenario, so that a 
'1 × penalty' carries equivalent economic meaning across 
scenarios with different levels of non-additive effects. 
Three intensities were applied: 0.5 × , 1 × , and 2 × ID. 
In the Low Non-Additive scenario (ID = 3), λ = 1.5, 3, 
and 6; in the High Non-Additive scenario (ID = 12), λ 
= 6, 12, and 24. In the Additive Only scenario (ID = 0), 
fixed values of λ = 0, 1, and 2 were used for experimen-
tal consistency. For each candidate, the penalized index 
was computed as EBV minus the product of λ and the 

expected progeny inbreeding coefficient, calculated as 
described separately for each method.

Performance Metrics. Different parameters were re-
corded at each generation during the 20-generation track-
ing phase to characterize the genetic status and selection 
outcomes of each population. Three measures of inbreed-
ing were recorded: the genomic inbreeding coefficient 
(FG) derived from GRM diagonal elements as described 
above, the pedigree-based inbreeding coefficient (FP) 
calculated from the pedigree relationship matrix, and the 
ROH-based inbreeding coefficient (FROH) calculated as 
described above.

All variance components were recorded at every gen-
eration throughout the 20-generation tracking phase, 
including additive genetic variance (VarA) calculated 
as the genic variance from QTL additive effects given 
current allele frequencies, and dominance genetic vari-
ance (VarD) calculated from QTL dominance deviations 
and heterozygosity levels. Cumulative genetic gain (ΔG) 
was recorded as the difference in mean true breeding 
value relative to the founder population mean, expressed 
in the original trait units. Changes in genome-wide ho-
mozygosity (ΔHom) were also monitored. Cumulative 
inbreeding depression was calculated at each generation 
as the reduction in mean phenotypic value attributable 
to the increase in homozygosity at QTL with directional 
dominance effects, relative to the expected phenotypic 
value under Hardy-Weinberg equilibrium.

The 3 genetic scenarios (Additive Only, Low Non-Ad-
ditive, High Non-Additive) were crossed with 6 penalized 
treatments (2 methods × 3 intensities) and 2 control meth-
ods (TBV, EBV), yielding 8 combinations per scenario. 
Each of the 24 scenario-by-treatment combinations was 
replicated 10 times using independent random number 
seeds, producing a total of 240 simulation runs.

Changes in genetic parameters over the 20-generation 
tracking phase were calculated as the difference between 
values at generation 20 and generation 1 of tracking. 
The primary response variables included change in 
genomic inbreeding (ΔF = FGGen20 − FGGen1), genetic 
gain expressed in genetic standard deviation units (ΔG = 
gainGen20 − gainGen1), change in additive genetic variance 
(Δσ2A = VarAGen20 − VarAGen1), change in dominance 
genetic variance (Δσ2D = VarDGen20 − VarDGen1), and 
accumulated inbreeding depression (ΔID = cIDGen20 − 
cIDGen1), where cID is the cumulative ID.

Variance retention was calculated as the proportion of 
starting variance maintained through the tracking phase: 
Variance Retained (%) = (σ2Gen20 / σ2Gen1) × 100, 
where the denominator refers to variance at generation 
1 of tracking, not the original founder variance of 100. 
By the start of tracking, burn-in selection had already de-
pleted additive genetic variance from the founder value 
of 100 to approximately 30–45 depending on the scenar-
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io. Consequently, retention values exceeding 100% do 
not indicate creation of new genetic variance but rather 
partial recovery of variance depleted during burn-in, oc-
curring when reduced selection intensity under penalized 
selection allows alleles approaching fixation to stabilize 
at intermediate frequencies.

The rate of inbreeding per generation during tracking 
was calculated as ΔFper gen = (FGen20 - FGen1) / 19, where 
the denominator of 19 reflects the number of generation 
intervals between generation 1 and generation 20. This 
rate was calculated for the genomic inbreeding coef-
ficient (FG), which is the primary inbreeding measure 
reported throughout. Negative values indicate net reduc-
tion in genomic inbreeding during the tracking phase, 
which can occur when penalty methods reduce the aver-
age relatedness among selected parents below the level 
established during burn-in.

Statistical Analysis.

The 3 genetic scenarios were crossed with 6 penal-
ized treatments (2 methods × 3 intensities) and 2 con-
trol methods, yielding 8 combinations per scenario. 
Each of the 24 scenario-by-treatment combinations was 
replicated 10 times using independent random number 
seeds (240 simulation runs total). Summary statistics 
were computed for each unique combination of sce-
nario, method, and penalty level using the dplyr package 

(Wickham et al., 2023). Results are presented as mean 
± standard deviation across 10 replicates. Visualization 
used ggplot2 (Wickham, 2016) with multi-panel figures 
composed using cowplot (Wilke, 2020). In figures, er-
ror bars represent ± 1 SE; in Figure 3, shaded ribbons 
represent ± 2 SE to enhance visibility given the scale 
of the panels. All analysis code and simulation scripts 
are available at [https:​/​/​github​.com/​cmaltec/​ROH​-GRM​
-penalty​-simulation]​.

RESULTS

Simulations compared GRM-based and ROH-based in-
breeding penalties across 2 genetic scenarios differing in 
dominance variance and inbreeding depression severity 
(Table 1; Figure 1). The Low scenario (σ2

D/σ2
A = 0.1; ID 

= 0.3σG per 10% ΔF) represented mild non-additive ef-
fects, while the High scenario (σ2

D/σ2
A = 0.5; ID = 1.2σG 

per 10% ΔF) represented substantial dominance effects 
typical of fitness-related traits. Results are reported as 
changes (Δ) over the 20-generation tracking period (gen-
erations 131–150), presented as means ± standard devia-
tions across 10 simulation replicates.

Control Selection Methods

Selection on estimated breeding values (EBV) without 
inbreeding penalties served as the baseline representing 

Maltecca et al.: Effects of ROH-based versus…

Figure 2. Trade-off between genetic gain (ΔG) and inbreeding accumulation (ΔF) over 20 generations. Green shading indicates the ideal region 
(reduced inbreeding with positive gain). GRM-based (red) and ROH-based (blue) penalties shown at 3 intensities (0.5x, 1x, 2x the inbreeding depres-
sion parameter); arrows indicate direction of increasing penalty. Controls: TBV = true breeding value selection, EBV = estimated breeding value 
selection. Left: Low scenario (VarD/VarA = 0.1, ID = 0.3 σ 10% ΔF). Right: High scenario (VarD/VarA = 0.5, ID = 1.2 σ 10% ΔF). Strong penalties 
in the High scenario sacrifice genetic gain to control inbreeding.

https://github.com/cmaltec/ROH-GRM-penalty-simulation
https://github.com/cmaltec/ROH-GRM-penalty-simulation
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current genomic selection practice (Table 2). Over the 
20-generation tracking period, EBV selection accumu-
lated ΔF = 0.137 ± 0.012 in the Low scenario and ΔF = 
0.130 ± 0.011 in the High scenario. Genetic gain was ΔG 
= 2.90 ± 0.09 σG and 2.56 ± 0.12 σG in the Low and High 
scenarios, respectively, with the lower gain in the High 
scenario reflecting the impact of inbreeding depression. 

EBV selection retained approximately 65% of additive 
genetic variance present at tracking start.

Selection on true breeding values (TBV) served as a 
positive control representing the theoretical maximum 
achievable with perfect information. TBV selection 
achieved higher genetic gains than EBV (ΔG = 3.82 σG 
in Low; 3.59 σG in High) but also accumulated more 
inbreeding (ΔF = 0.176 in Low; 0.167 in High), consis-

Maltecca et al.: Effects of ROH-based versus…

Figure 3. Effect of penalty intensity on selection outcomes over 20 generations. (A) Change in genomic inbreeding (DeltaF); negative values 
indicate net reduction below starting levels. (B) Genetic gain (DeltaG) in genetic standard deviation units. (C) Change in additive genetic variance 
(DeltaVarA). (D) Change in cumulative inbreeding depression in sigma units; more negative values indicate greater depression accumulated. GRM-
based penalties (red) and ROH-based penalties (blue) compared at 0.5x, 1x, and 2x the inbreeding depression parameter. Left facets: Low scenario 
(VarD/VarA = 0.1); Right facets: High scenario (VarD/VarA = 0.5). Dotted horizontal lines show control values (TBV, EBV). Shaded ribbons: +/−2 
SE (n = 10 replicates).

Table 1. Genetic scenario parameters. VarA = additive genetic variance (fixed at 100); VarD = dominance variance. 
ID = inbreeding depression parameter; ID (σ10%dF) = depression in genetic standard deviations per 10 percentage 
point increase in genomic F. Genome: 6 chromosomes x 2,000 markers = 12,000 SNPs; 12,000 QTL. Population: 
10,000 founders; 500 males + 9,500 females; 200 sires x 5,000 dams = 5,000 offspring/generation. Burn-in: 130 
generations with two accuracy phases (r = 0.30 for gen 1–29, r = 0.50 for gen 30–130). Tracking: 20 generations 
(131–150, r = 0.75) with experimental treatments; 10 replicates per combination

Scenario VarA VarD VarD/VarA ID ID (σ10%ΔF) Penalty weights Penalty/ID

Additive Only 100 0 0 0 0 0, 1, 2 —
Low Non-Additive 100 10 0.10 3 0.30 1, 3, 6 0.5x, 1x, 2x
High Non-Additive 100 50 0.50 12 1.20 6, 12, 24 0.5x, 1x, 2x
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tent with stronger selection pressure on the true genetic 
signal. TBV selection retained only 42–45% of additive 
variance, reflecting more aggressive allele frequency 
changes.

Trade-off Between Genetic Gain and Inbreeding 
Control

The trade-off between genetic gain and inbreeding 
control differed between GRM-based and ROH-based 
approaches (Figure 2; Table 3). GRM-based penalties 
generally achieved lower inbreeding accumulation than 
ROH-based penalties across penalty intensities tested. In 
the Low scenario, GRM penalties at 0.3 × , 1 × , and 
2 × the inbreeding depression parameter achieved ΔF = 
−0.007, −0.093, and −0.131, respectively, while ROH 
penalties at the same intensities achieved ΔF = +0.120, 
+0.090, and +0.075. The negative ΔF values for GRM in-
dicate net reduction in inbreeding below starting levels.

Similar patterns emerged in the High scenario, where 
GRM penalties achieved ΔF ranging from −0.141 to 
−0.161 compared with ΔF = +0.057 to +0.068 for ROH 
penalties. Across all comparisons, GRM-based selection 
achieved ΔF approximately 0.13 to 0.22 lower than ROH-
based selection at matched penalty intensities (Table 4).

However, the greater inbreeding control of GRM-
based methods was associated with lower genetic gain. 
ROH-based selection achieved higher genetic gain than 
GRM-based selection at matched penalty intensities, 
with differences ranging from 0.6 to 1.7 σG (Table 4). In 
the Low scenario at the 1 × penalty level, ROH achieved 
ΔG = 2.00 σG compared with 0.68 σG for GRM. In the 
High scenario, GRM penalties resulted in negative ge-
netic gain (ΔG = −0.10 to −0.59 σG), indicating limited 
net genetic progress under these conditions.

Effect of Penalty Intensity

Increasing penalty intensity produced different re-
sponses between methods (Figure 3). For GRM-based 
selection, stronger penalties progressively reduced in-
breeding accumulation, with ΔF declining from −0.007 
at 0.3 × to −0.131 at 2 × in the Low scenario, with cor-

responding reductions in genetic gain from 1.96 σG to 
−0.11 σG (Figure 3A, B). Changes in additive variance 
(Δσ2

A) followed a similar pattern, with GRM penalties 
preserving more variance than EBV selection across in-
tensities (Figure 3C).

ROH-based penalties showed a flatter response to in-
creasing intensity. In the Low scenario, ΔF changed from 
+0.120 to +0.075 across the penalty range, while genetic 
gain decreased from 2.59 to 1.54 σG. At the strongest 
penalty level, ROH-based selection maintained positive 
inbreeding accumulation while achieving approximately 
half the genetic gain of EBV selection.

Comparison Across Dominance Scenarios

The 2 methods responded differently to increasing 
dominance variance and inbreeding depression severity 
(Table 3). GRM-based selection showed greater sensitiv-
ity to scenario: at the 1 × penalty level, ΔF shifted from 
−0.093 in Low to −0.161 in High, while ΔG shifted from 
+0.68 to −0.44 σG. ROH-based selection showed more 
consistent behavior across scenarios, with ΔF changing 
from +0.090 to +0.059 and ΔG from +2.00 to +1.19 σG at 
the same penalty level.

The difference in depression accumulation between 
methods was larger in the High scenario. At 1 × penalty, 
GRM accumulated 2.4 × more depression than ROH in 
the High scenario (−2.08 vs. −0.85 σG) compared with 
1.3 × more in the Low scenario (−1.24 vs. −0.95 σG). 
Variance retention patterns also differed: GRM achieved 
> 100% additive variance retention only in the High sce-
nario, suggesting that the stronger penalties applied in 
response to greater inbreeding depression were sufficient 
to recover variance lost during burn-in.

Genetic Variance Retention

GRM-based selection retained more additive genetic 
variance than ROH-based selection (Figure 4A; Table 3). 
In the Low scenario, GRM penalties retained 76–95% 
of starting additive variance compared with 66–69% for 
ROH penalties. In the High scenario, GRM penalties 
retained 98–107% compared with 69–74% for ROH. Val-
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Table 2. Performance of control selection methods. Values are mean +/− SD (n = 10 replicates). TBV = True Breeding Value. EBV = Estimated 
Breeding Values. ID expressed as genetic standard deviations lost per 10% increase in genomic F

Scenario   Method   Role ΔF ΔG (σ) ΔDepression (σ)

Additive (ID = 0)   TBV   Positive control (theoretical maximum) 0.178 +/− 0.020 4.01 +/− 0.13 0.00 +/− 0.00
  EBV   Baseline (current practice) 0.145 +/− 0.014 3.03 +/− 0.15 0.00 +/− 0.00

Low (ID = 0.3σ10%dF)   TBV   Positive control (theoretical maximum) 0.176 +/− 0.015 3.82 +/− 0.14 −1.42 +/− 0.59
  EBV   Baseline (current practice) 0.137 +/− 0.012 2.90 +/− 0.09 −1.27 +/− 0.50

High (ID = 1.2σ10%dF)  TBV   Positive control (theoretical maximum) 0.167 +/− 0.011 3.59 +/− 0.08 −1.89 +/− 0.55
  EBV   Baseline (current practice) 0.130 +/− 0.011 2.56 +/− 0.12 −1.62 +/− 0.55
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ues exceeding 100% indicate partial recovery of variance 
depleted during the 130-generation burn-in phase.

Dominance variance showed similar patterns (Figure 
4B). GRM-based selection retained more dominance 
variance than ROH selection in both scenarios, consis-
tent with the frequency-dependent nature of dominance 
variance (σ2

D = Σ(2pq)2d2), where maintaining allele 
frequencies closer to intermediate values preserves more 
dominance variance.

The rate of inbreeding accumulation per generation 
(Figure 4C) differed between approaches. GRM-based 
methods achieved negative rates (approximately −0.5% 
to −0.8% per generation), while ROH-based methods 
maintained positive rates (approximately +0.3% to 
+0.6% per generation), yet lower than EBV selection 
(+0.7% per generation).

DISCUSSION

This study aimed to fill a gap in the literature by com-
paring GRM-based and ROH-based inbreeding penalties 
when used directly in selection indices. Previous work 
has explored these approaches within optimal contribu-
tion selection or genomic mating frameworks, but to 
our knowledge, no simulation study has tested them as 
expected progeny inbreeding penalties across multiple 
generations of selection.

Differential performance of GRM-based and ROH-
based penalties

Our results suggest that GRM-based and ROH-based 
penalties may work differently rather than being inter-
changeable. At similar penalty intensities, GRM-based 
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Table 3. Changes in genetic parameters over 20 generations of selection. Values are mean +/− SD (n = 10 replicates). ΔF = change in genomic 
inbreeding; ΔG = genetic gain (sigma). VarA0 = additive variance at tracking start (after 130-gen burn-in; founder value = 100). VarA Ret, VarD Ret = 
variance retained as % of tracking start value. Retention > 100% indicates recovery of variance depleted during burn-in via maintained heterozygosity. 
ΔF/gen = rate of inbreeding per generation; negative = net reduction

Scenario   Method ΔF ΔG (σ) VarA0 VarA Ret VarD Ret ΔF/gen

Additive (VarD/VarA = 0, 
ID = 0)

  EBV 0.145 +/− 0.014 3.03 +/− 0.15 40.9 67% — 0.008
  GRM (0.5x) 0.084 +/− 0.010 2.73 +/− 0.13 41.4 66% — 0.004
  GRM (1x) 0.033 +/− 0.020 2.36 +/− 0.13 41.4 71% — 0.002
  GRM (2x) −0.052 +/− 0.019 1.32 +/− 0.16 40.8 78% — −0.003
  ROH (0.5x) 0.135 +/− 0.014 2.92 +/− 0.12 41.4 65% — 0.007
  ROH (1x) 0.124 +/− 0.012 2.73 +/− 0.14 41.4 63% — 0.007
  ROH (2x) 0.104 +/− 0.008 2.32 +/− 0.10 40.8 65% — 0.005
  TBV 0.178 +/− 0.020 4.01 +/− 0.13 42.2 42% — 0.009

Low (VarD/VarA = 0.1,  
ID = 0.3σ10%ΔF)

  EBV 0.137 +/− 0.012 2.90 +/− 0.09 42.1 66% 91% 0.007
  GRM (0.5x) −0.007 +/− 0.016 1.96 +/− 0.15 43.4 77% 105% −0.000
  GRM (1x) −0.093 +/− 0.015 0.68 +/− 0.14 43.3 85% 111% −0.005
  GRM (2x) −0.131 +/− 0.008 −0.11 +/− 0.13 43.9 95% 114% −0.007
  ROH (0.5x) 0.121 +/− 0.015 2.59 +/− 0.07 43.4 69% 93% 0.006
  ROH (1x) 0.090 +/− 0.008 2.00 +/− 0.10 43.3 66% 93% 0.005
  ROH (2x) 0.075 +/− 0.008 1.54 +/− 0.07 43.9 69% 95% 0.004
  TBV 0.176 +/− 0.015 3.82 +/− 0.14 40.4 42% 91% 0.009

High (VarD/VarA = 0.5, 
 ID = 1.2σ10%ΔF)

  EBV 0.130 +/− 0.011 2.56 +/− 0.12 32.0 64% 96% 0.007
  GRM (0.5x) −0.141 +/− 0.010 −0.10 +/− 0.10 41.1 98% 109% −0.007
  GRM (1x) −0.161 +/− 0.011 −0.44 +/− 0.10 40.2 104% 110% −0.008
  GRM (2x) −0.161 +/− 0.006 −0.59 +/− 0.08 40.8 107% 108% −0.008
  ROH (0.5x) 0.068 +/− 0.009 1.48 +/− 0.07 41.1 69% 98% 0.004
  ROH (1x) 0.060 +/− 0.005 1.19 +/− 0.07 40.2 72% 97% 0.003
  ROH (2x) 0.057 +/− 0.007 1.09 +/− 0.04 40.8 74% 97% 0.003
  TBV 0.167 +/− 0.011 3.59 +/− 0.08 37.9 45% 97% 0.009

Table 4. Direct comparison of GRM vs ROH at equivalent penalty intensities. Diff = GRM value minus ROH value. Negative ΔF difference indicates 
GRM achieved lower inbreeding than ROH. Positive VarA retained difference indicates GRM preserved more genetic variance

Scenario Penalty

ΔF (inbreeding)

 

ΔG (gain, sigma)

 

VarA retained (%)

GRM ROH Diff GRM ROH Diff GRM ROH Diff

High (ID = 1.2σ10%ΔF) 0.5x −0.141 0.068 −0.209 −0.10 1.48 −1.58 98 69 +28
1x −0.161 0.060 −0.221 −0.44 1.19 −1.63 104 72 +31
2x −0.161 0.057 −0.218 −0.59 1.09 −1.68 107 74 +33

Low (ID = 0.3σ10%ΔF) 0.5x −0.007 0.121 −0.128 1.96 2.59 −0.63 77 69 +7
1x −0.093 0.090 −0.183 0.68 2.00 −1.32 85 66 +19
2x −0.131 0.075 −0.206 −0.11 1.54 −1.65 95 69 +27
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selection tended to achieve lower genomic inbreeding 
(ΔF roughly 0.13 to 0.22 lower than ROH across sce-
narios), and in some cases produced negative ΔF values, 
pointing to a net reduction in inbreeding over 20 genera-
tions. ROH-based selection, on the other hand, appeared 
to maintain higher genetic gain (around 1.0 to 2.0 σG 
more than GRM) while slowing rather than reversing in-
breeding accumulation. These patterns likely reflect what 
each metric captures: GRM measures genome-wide al-
lelic similarity through departures from Hardy-Weinberg 
expectations, while ROH identifies contiguous stretches 
of homozygosity arising from recent common ancestry 
(VanRaden, 2008; McQuillan et al., 2008).

Comparison with prior studies

These findings appear to contrast with those of Zhao 
et al. (2023), who reported in a simulation study using 
Large White pigs, that ROH-based genomic mating in 
Large White pigs outperformed SNP-based approaches 
for genetic gain, though their largest reported differences 
(0.9–2.6% higher ΔG, 13–83% lower ΔF) were relative 
to positive assortative mating. This difference might 
stem from how the methods were applied: their study 
used ROH-based genomic relationship matrices to opti-
mize mate allocation after selection, while we applied 
ROH-based penalties directly during candidate ranking. 
Genomic mating can exploit complementarity between 
selected parents in ways that may not be available when 
ROH information is used only for penalizing candidates. 
Their shorter time frame (5 generations versus our 20) 

may also explain why the longer-term trade-offs we ob-
served did not appear in their results.

Alemu et al. (2021) found that FUNI, the inbreeding 
coefficient based on the correlation between uniting 
gametes (Yang et al., 2011) and FGRM show stronger 
correlations than FROH with the burden of rare deleteri-
ous alleles (minor allele frequency <0.15), while FROH 
provides a more accurate measure of total genome-wide 
autozygosity and captures autozygosity at loci where 
derived alleles segregate at low-to-moderate frequencies.

Forutan et al. (2018) showed in gene-dropping simula-
tions of North American Holsteins that ROH with mini-
mum window sizes of 20–50 SNPs came closest to true 
inbreeding, while GRM-based estimates varied with as-
sumptions about base allele frequencies. Together, these 
findings suggest that GRM-based penalties may be more 
effective at limiting rare deleterious alleles across the 
genome, while ROH-based penalties focus on avoiding 
long homozygous segments from recent shared ancestry.

Role of genetic architecture and dominance variance

The size of the difference between methods depended 
heavily on the genetic scenario. In the purely additive 
scenario, GRM and ROH penalties produced nearly the 
same outcomes across all metrics, which suggests that 
dominance and inbreeding depression may be necessary 
for the methods to perform differently. Differences were 
roughly twice as large in the High dominance scenario 
(σD2/σA2 = 0.5, inbreeding depression = 1.2σG per 10% 
ΔF) compared with the Low scenario (σD2/σA2 = 0.1, 
inbreeding depression = 0.3σG per 10% ΔF).
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Figure 4. Long-term selection sustainability. (A) Proportion of additive genetic variance (VarA) retained after 20 generations relative to tracking 
start. Dashed line at 100% indicates no net change. Note: tracking begins after 130 generations of EBV burn-in, during which VarA declined from 
founder value (100) to ~30–45 depending on scenario. Retention > 100% indicates partial recovery of variance lost during burn-in. (B) Proportion 
of dominance variance (VarD) retained. Values exceeding 100% reflect maintained heterozygosity: since VarD depends on (2pq)2, reduced selection 
intensity keeps allele frequencies closer to intermediate values. (C) Rate of inbreeding accumulation per generation; negative values indicate net in-
breeding reduction. Methods compared across Low (VarD/VarA = 0.1) and High (VarD/VarA = 0.5) scenarios. Error bars: +/−1 SE (n = 10 replicates).



Journal of Dairy Science Vol. TBC No. TBC, TBC

The dominance variance ratios we simulated fall 
within ranges reported for dairy cattle. Sun et al. (2014) 
estimated dominance variance at about 5% of phenotypic 
variance in US Holsteins and 7% in Jerseys for yield 
traits, with other traits showing little dominance contri-
bution. Ertl et al. (2014) found dominance variance rang-
ing from 3.3% to 50.5% of total genetic variance across 
production and functional traits in Fleckvieh cattle. More 
recently, Schneider et al. (2023) reported that while dom-
inance contributes relatively little to phenotypic variance 
(ranging from 1.8% for ovarian cysts to 7.8% for milk 
yield), it can account for a substantial share of genetic 
variance for health traits specifically, reaching 55.1% for 
mastitis and 23.3% for ovarian cysts. These estimates 
suggest both our scenarios have practical relevance: the 
Low scenario (σD2/σA2 = 0.1) may approximate produc-
tion traits, while the High scenario (σD2/σA2 = 0.5) may 
better reflect health and fitness traits where non-additive 
effects seem more important.

Genetic variance conservation under contrasting 
penalty approaches

GRM-based selection appeared to conserve genetic 
variance better, retaining roughly 8–13% more additive 
variance than ROH at similar penalty intensities. This 
difference was more noticeable in the High dominance 
scenario, where GRM achieved over 100% variance re-
tention relative to the start of tracking, suggesting it may 
have recovered some diversity lost during the burn-in pe-
riod. This pattern could reflect the genome-wide nature 
of GRM penalties, which may spread selection pressure 
more evenly across the genome compared with ROH 
penalties that act on specific homozygous segments.

These observations fit with what is known about long-
term variance changes under genomic selection. Wientjes 
et al. (2022) found that GBLUP retained less than 20% 
of initial additive genetic variance after 50 generations 
under purely additive models, similar to pedigree-based 
BLUP. However, the mechanisms differed: GBLUP kept 
more loci segregating (only 40–42% lost) but at lower 
minor allele frequencies, while pedigree BLUP lost more 
loci (~50%) but maintained higher frequencies at re-
maining ones. Our results hint that GRM-based inbreed-
ing penalties might further help retain loci by working 
against the drift toward fixation that comes with strong 
selection.

The Bulmer effect, which reduces genetic variance 
through negative covariance between allelic effects 
caused by selection, has been measured by Van Greven-
hof et al. (2012), who found that at 5% selection inten-
sity, response drops by 27% regardless of initial accu-
racy. This reduction appears the same for genomic and 
pedigree selection. In our simulations, TBV-based selec-

tion (the most intense) depleted additive variance fastest, 
while GRM-based penalties at higher intensities showed 
the greatest variance preservation. The combination of 
reduced selection intensity and genome-wide inbreeding 
control under GRM penalties may buffer against both the 
Bulmer effect and longer-term variance erosion.

Dominance variance behaved differently from addi-
tive variance. Under ROH-based selection, dominance 
variance declined steadily, consistent with increased 
homozygosity reducing heterozygote frequency and thus 
dominance expression. Under GRM-based selection, 
dominance variance held steady or even increased, es-
pecially in the High scenario. This pattern makes sense 
given that dominance variance (σD2 = Σ(2pq)2d2) is larg-
est when allele frequencies are intermediate. The stron-
ger inbreeding control from GRM-based penalties may 
keep more loci at intermediate frequencies, preserving 
conditions for dominance variance.

Inbreeding depression dynamics and the role of 
purging

An unexpected pattern emerged for inbreeding depres-
sion (Figure 3D). GRM-based selection accumulated 
more inbreeding depression than ROH-based selection 
at matched penalty intensities, despite achieving lower 
inbreeding levels. In the Low scenario at the 1 × pen-
alty level, GRM accumulated ΔDepression = −1.24 σG 
compared with −0.95 σG for ROH, despite GRM having 
lower inbreeding (ΔF = −0.093 vs. +0.090). In the High 
scenario, GRM accumulated ΔDepression = −2.08 σG at 
1 × compared with −0.85 σG for ROH.

This pattern may reflect differences in selection inten-
sity and purging dynamics between methods. ROH-based 
selection maintains stronger directional selection pres-
sure, which could allow more effective purging of del-
eterious variants responsible for inbreeding depression. 
GRM-based selection, by constraining selection more 
heavily to control inbreeding, may retain more segregat-
ing deleterious recessives.

One possible explanation is that purging of deleteri-
ous recessive alleles may be more effective under ROH-
based selection. The higher selection intensity permitted 
by moderate inbreeding control could allow stronger se-
lection against individuals expressing recessive genetic 
load. When deleterious alleles become homozygous and 
reduce performance, selection removes them more ef-
fectively. In contrast, the strict inbreeding control from 
GRM-based penalties maintains heterozygosity, which 
may shelter deleterious recessive alleles from selection 
in carrier individuals.

This idea aligns with studies distinguishing recent 
from ancient inbreeding effects in dairy cattle. Doekes 
et al. (2019) found that in Dutch Holstein-Friesians, new 
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inbreeding (FNEW) caused −2.42 kg fat yield per 1% in-
crease, while ancient inbreeding (FANC) had essentially 
no effect (+0.03 kg). Makanjuola et al. (2020) reported 
similar patterns in Canadian Holsteins: overall genomic 
inbreeding (FROH) caused roughly −40 to −49 kg milk 
yield per 1% increase, with longer ROH (>4 Mb) show-
ing significant unfavorable effects, while shorter ROH 
(<4 Mb, representing ancient inbreeding) showed non-
significant effects. This fading impact of older inbreed-
ing is consistent with historical purging having removed 
the most harmful alleles over time.

The theoretical framework developed by García-
Dorado (2012) predicts that genetic purging becomes 
effective when the product of effective population size 
and the purging coefficient (Nd) equals or exceeds 1. 
This threshold translates empirically to populations with 
Ne ≥10, where purging can substantially reduce inbreed-
ing depression across a range of deleterious mutations 
(Pérez-Pereira et al., 2022).

Gulisija and Crow (2007) estimated about 17% re-
duction of total genetic load from purging in US Jersey 
cattle with deep pedigrees, mainly affecting recessive 
alleles with large fitness effects. Our simulation setup, 
with moderate effective population sizes and defined in-
breeding depression, may have created conditions where 
purging could occur under the higher inbreeding rates 
allowed by ROH-based selection.

Practical evidence supports the idea that targeted selec-
tion against deleterious alleles can work. The Council on 
Dairy Cattle Breeding (CDCB) now tracks 27 recessive 
conditions (Cole et al., 2022), and carrier frequencies 
for many haplotypes have decreased substantially since 
genomic testing became widespread. Economic losses 
from defect haplotypes fell from $11 million (Cole et 
al., 2016) to $4.1 million through genomic management 
(Cole et al., 2025). This shows that selecting against car-
riers of harmful alleles, while accepting some increase in 
homozygosity elsewhere, can reduce genetic load with-
out causing severe inbreeding depression.

Practical implications for breeding program design

These results suggest that choosing a penalty method 
should depend on breeding program goals. GRM-based 
penalties may be more appropriate when long-term ge-
netic diversity is the priority, such as in populations with 
small effective sizes, conservation programs, or when 
maintaining future selection response matters most. Cur-
rent estimates put Holstein Ne at 43–102 across popula-
tions (Makanjuola et al., 2020; Doekes et al., 2018), close 
to or below the FAO threshold of 50 where populations 
may start losing long-term fitness. For such populations, 
the better inbreeding control and variance retention from 

GRM-based penalties could outweigh the short-term gain 
advantage of ROH-based approaches.

ROH-based penalties might work better when short-
term genetic gain is the focus and moderate inbreeding 
is acceptable, as in commercial populations with regular 
outside genetics or for traits with minimal inbreeding 
depression. The lower depression observed under ROH-
based selection, possibly from enhanced purging, could 
be particularly useful when breeding goals include fitness 
traits where deleterious recessive alleles are common.

Cole (2024) described the core challenge in dairy 
breeding: demand for elite genetics conflicts with man-
aging inbreeding. Current EFI adjustments in US genetic 
evaluations account for inbreeding depression by reduc-
ing breeding values proportionally to expected future in-
breeding (approximately $40 per 1% EFI for Net Merit), 
though these adjustments reflect population-average 
relationships rather than mate-specific inbreeding risk. 
As the collective dairy herd becomes more genomically 
homogeneous, the ability of EFI adjustments to meaning-
fully rerank individuals diminishes: between 2015 and 
2020, the Holstein base population's EFI rose from 7.5% 
to 9.4%, compressing the variance in individual EFI val-
ues and reducing the discriminatory power of inbreeding 
adjustments in genetic evaluations (CDCB, 2025).

Limitations

Several limitations should be kept in mind. First, 
the simulations assumed complete linkage equilibrium 
between markers and QTL, which may not hold when 
strong selection creates marker-QTL associations. Hen-
ryon et al. (2019) found that genomic optimal contribu-
tion selection can inadvertently penalize beneficial allele 
frequency changes at markers linked to QTL, achieving 
1.5–5.7% less true genetic gain than pedigree-based OCS 
at the same inbreeding rate. Similar effects might influ-
ence penalty-based approaches and could partly explain 
the gain reduction we observed under GRM-based selec-
tion.

Second, the ROH-based expected progeny inbreeding 
used a heuristic approximation rather than a theoretically 
exact segment-based relationship matrix. This creates 
an asymmetry in how the 2 methods estimate future in-
breeding: the GRM method directly calculates genomic 
relationships between each candidate and the dam popu-
lation, while the ROH method averages parental autozy-
gosity without accounting for whether homozygous seg-
ments overlap between potential mates. Two candidates 
with identical FROH values but autozygosity in different 
genomic regions would receive the same penalty despite 
potentially producing offspring with different inbreeding 
levels. This limitation may have disadvantaged the ROH 
method in our comparison, as it cannot exploit mate com-
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plementarity the way a true segment-based coancestry 
matrix would. The relative underperformance of ROH-
based penalties for inbreeding control could therefore be 
partially attributable to this methodological constraint 
rather than an inherent limitation of ROH as an inbreed-
ing metric. Future work implementing computationally 
efficient segment-based relationship matrices, perhaps 
using approximate haplotype matching or dimensional-
ity reduction techniques, could help determine whether 
ROH-based penalties can achieve inbreeding control 
comparable to GRM when both methods use equivalent 
relationship information.

Third, the ROH detection threshold (1 Mb) was cho-
sen to balance sensitivity and specificity but may not be 
optimal for all situations. Curik et al. (2014) showed that 
different ROH lengths correspond to different inbreeding 
ages: FROH > 16Mb reflects about 3 generations ago, 
FROH > 4Mb about 12.5 generations, and FROH > 1Mb 
about 50 generations. Our 1 Mb threshold captures both 
recent and older inbreeding, which may not suit all objec-
tives. Forutan et al. (2018) found that ROH with 20–50 
SNP minimum windows came closest to true inbreeding, 
suggesting that parameter tuning could improve ROH-
based penalty performance.

Fourth, we did not include epistasis, genotype-by-
environment interactions, or the interplay between pen-
alty methods and mate allocation. Wientjes et al. (2022) 
found that including epistasis in models led to about 24% 
variance retention versus less than 20% for additive-only 
models, because epistatic effects can reverse selection 
direction at individual loci across generations. Real dairy 
traits likely involve some epistasis, which could change 
how the penalty methods compare.

Fifth, the depression paradox we observed needs 
validation with real data, as the purging explanation 
remains a hypothesis. The relationship between selec-
tion intensity and purging has competing effects: higher 
intensity can help purging by increasing homozygote 
frequency, but can also hurt it by increasing drift that 
fixes deleterious alleles before selection acts. Grossen et 
al. (2020) found in Alpine ibex that severe bottlenecks 
purged highly deleterious mutations but allowed mildly 
deleterious ones to accumulate, showing that mutation 
effect size matters for purging success. Our simulations 
used uniform inbreeding depression effects, which may 
not capture this complexity.

Sixth, One practical consideration not fully captured in 
our simulation is that GFI and EFI values are expressed 
relative to a rolling reference population, so individual 
bulls' PTA adjustments will shift between evaluation 
rounds as the base population becomes more uniformly 
related — not because the measurement is erratic but 
because the reference is changing; this is an intrinsic 
property of relative indexing against a dynamic popula-

tion that breeders and program managers need to account 
for when comparing or interpreting proof changes across 
evaluation rounds (CDCB, 2025).

Finally, while designed to approximate dairy cattle 
breeding, our simulated population structure is a simpli-
fication. Real breeding decisions are spread across thou-
sands of farms and multiple AI organizations, making co-
ordinated inbreeding management difficult (Cole, 2024). 
The penalty approaches we evaluated assume centralized 
selection decisions, and how well they would work in 
more realistic decentralized settings remains unclear.

CONCLUSIONS

This study suggests that GRM-based and ROH-based 
inbreeding penalties offer complementary approaches 
to managing genetic diversity in genomic selection pro-
grams, with different trade-offs between genetic gain 
and inbreeding control. GRM-based penalties tended to 
achieve better inbreeding control and genetic variance 
retention but at the cost of lower genetic gain, while 
ROH-based penalties appeared to maintain higher ge-
netic gain with less cumulative inbreeding depression 
despite higher autozygosity accumulation.

Several findings may have practical relevance: GRM-
based penalties can achieve negative inbreeding rates, 
suggesting potential to recover genetic diversity lost 
during historical selection, which could be valuable for 
populations approaching critical effective population 
sizes; ROH-based penalties allow higher selection inten-
sity and possibly more effective purging of deleterious 
recessive alleles, which may be useful when breeding for 
fitness traits; method differences scale with dominance 
variance, suggesting that trait-specific penalty selection 
might improve outcomes when indices span traits with 
different genetic architectures; and neither method ap-
pears universally better, highlighting the importance of 
matching penalty choice to specific breeding goals.

Future work could explore optimal penalty calibration 
across populations with different effective sizes, exam-
ine how penalty-based selection interacts with mate al-
location strategies as used in genomic mating programs, 
and test the purging hypothesis with real breeding data 
to clarify the biological basis of these findings. Look-
ing further ahead, if site-directed genome editing is used 
to introduce targeted genetic variation or to eliminate 
recessive defects, the relationship between ROH-based 
and GRM-based inbreeding metrics and functional ge-
netic load may diverge in ways that current simulation 
frameworks — grounded in classical mutation-selection 
balance — cannot fully capture, warranting reconsid-
eration of how future inbreeding is quantified as these 
technologies approach commercial application. As dairy 
cattle populations continue experiencing elevated in-

Maltecca et al.: Effects of ROH-based versus…



Journal of Dairy Science Vol. TBC No. TBC, TBC

breeding rates following genomic selection, developing 
and evaluating effective inbreeding management tools 
remains important for sustainable genetic improvement.
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