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Abstract: Indigenous chickens dominate Eritrea’s flock but have low productivity, necessitating genetic improvement. This
study evaluated the long-term potential of traditional and genomic selection for developing a specialized egg-laying Barentu
indigenous chicken ecotype. A stochastic simulation was conducted using Modular Breeding Program Simulator over 20
generations of a closed nucleus breeding programme. Selection was based on a breeding objective combining age at first egg,
egg number at 12 weeks and residual feed intake into a total merit index. Seven selection scenarios were evaluated according
to the selection method and the proportion of female candidates genotyped. The scenarios were compared based on cumulative
genetic gain, accuracy of estimated breeding values, rate of inbreeding and efficiency of genetic gain relative to inbreeding.
Genomic selection consistently produced greater genetic improvement than traditional pedigree-based selection, with genetic
gain increasing by 29% in males and 26% in females. The highest accuracy of estimated breeding values was achieved when
all selection candidates were genotyped, while accuracy was lowest under traditional pedigree-based selection and when
only 25% of females were genotyped. Traditional selection resulted in the lowest rate of inbreeding, whereas genotyping only
25% of females produced the highest inbreeding. Genomic selection achieved the greatest genetic gain relative to inbreeding,
exceeding traditional selection by 19-23%. Single-step genomic selection achieved up to 90% of the genetic gain obtained
through genomic selection. In conclusion, genomic selection, particularly single-step genomic selection, offers considerable
potential to accelerate genetic improvement and support the conservation of genetic diversity.
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Introduction (Rena, 2008; Habteslasie & Araya, 2018; Naik et al, 2023).
ICs provide a reliable income source because of their low
In FEritrea, indigenous chickens (IC) constitute input requirements, scavenging ability, self-propagation, and

approximately 95% of the national poultry population and
play a vital role in bolstering socio-economic resilience
across both rural and urban backyard systems (Kozlov &
Ghebrehiwot, 2020; FAOSTAT, 2023). Backyard poultry
production, predominantly based on IC ecotypes, is especially
prevalent among marginalized women in female-headed
households, which represent 47% of all national households
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adaptation to tropical climates (Khaitsa et al, 2022; Birhanu
et al, 2023).

East Africa, where Fritrea is located, has among the highest
malnutrition rates (Akombi et al, 2017). Smallholder farms,
which produce two-thirds of the country’s food, rely on IC that
thrive on minimal inputs (Habteslasie & Araya, 2018; Elder et
al, 2021; Pius et al, 2021). The demand for IC eggs is rising
(Mujyambere et al, 2022); however, productivity is limited,
highlighting the need for targeted genetic improvement
(FAO, 2019). Early efforts to enhance IC productivity through
crossbreeding with exotic breeds had several drawbacks:
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genotype—environment incompatibilities; potential erosion
of indigenous genetic resources; and higher production costs
for smallholder farmers (Miyumo et al, 2024). Moreover,
global efforts to conserve indigenous genetic resources
have increasingly constrained crossbreeding programmes
(Bartowska et al, 2025).

Eritrea’s diverse IC genetic resources reflect its historical
legacy and strategic location along Red Sea trade routes
(Weldetsion, 2023). Over time, Eritrea’s varied agroclimatic
zones fostered genetic differentiation among IC ecotypes,
resulting in distinct morphological and production traits
(Ghebrezgabher & Yang, 2018; Habteslasie, 2018; Adomako
et al, 2024; Habteslasie et al, 2026). This extensive variability
in morphological, production and genetic characteristics
among IC (Pius et al, 2021; Kpomasse et al, 2023) signals
substantial potential for improvement through selective
breeding (Esatu et al, 2022). Empirical studies confirm
that IC can be enhanced by selecting for market-driven
traits (Ndung'u, 2021), with positive genetic and economic
returns predicted for various IC production systems (Okeno
et al, 2013). Accordingly, breeding programmes targeting
IC populations have been launched in several developing
countries, including Malawi (Gondwe, 2004), Ethiopia
(Esatu et al, 2022), Bangladesh (Faruque et al, 2017) and
Kenya (Miyumo et al, 2024).

Most IC producers favour a dual-purpose breed capable of
both surviving and reproducing under low-input conditions,
while delivering moderate meat and egg output (Biazen,
2021). Nonetheless, from the standpoint of commercial
marketers, productivity levels in dual-purpose IC maintained
under scavenging systems are often insufficient for achieving
anticipated net profits (Miyumo et al, 2024). Moreover,
surging consumer demand for IC eggs suggests that current
dual-purpose IC productivity may fall short of future market
requirements (Okeno et al, 2013). To address these challenges,
alternative breeding goals targeting the development of
layer strain within the IC population must be considered
(Miyumo et al, 2024). In this context, the present study
focuses on developing an egg-production line based on the
Barentu IC ecotype (locally known as Derho Kunama or DK),
which originates from Eritrea’s Gash-Barka region. Although
comprehensive population studies are lacking, current
analyses of the DK ecotype reveal notable morphological and
genetic diversity (Habteslasie et al, 2026). Among 16 ecotypes
evaluated, DK exhibited the highest annual egg production,
averaging 53.07 eggs across 4.22 clutches, despite having the
smallest mean egg weight (35.85g) (Habteslasie et al, 2026).
On-farm assessments indicate mature DK cocks average
1.31kg, whereas hens average 0.88kg. Within the Gash-Barka
region, DK is valued for disease resistance, minimal feed
requirements for egg production, and adeptness at avoiding
predators (Habteslasie, 2018; Habteslasie & Araya, 2018;
Habteslasie et al, 2019; Habteslasie et al, 2026).

Selecting solely for production traits maximizes genetic
gain, minimizes inbreeding, shortens time to improvement
and lowers the cost (Miyumo et al, 2024). According to
Miyumo et al (2023), lower mature body weight in layers
reduces maintenance costs, allowing greater resource
allocation to egg production. However, IC systems face
high feed costs and seasonal feed variability (Okeno et al,
2021), making it crucial to align productivity with available
resources. Selecting for residual feed intake (RFI), largely
independent of production traits, outperforms average daily

feed intake (ADFI) or feed conversion ratio (FCR) (Fathi et
al, 2021; Miyumo et al, 2023). Lower RFI reduces feed costs,
nitrogen waste and environmental impact (Fathi et al, 2021).
Negative genetic trends in RFI indicate that choosing birds
consuming at or below maintenance requirements (RFI < 0)
improves efficiency (Fathi et al, 2021; Miyumo et al, 2023).

The primary aim of this research was to utilize simulations
to assess the long-term impacts of various selection strategies
(conventional versus genomic) on genetic gain and
inbreeding within the DK ecotype. The study hypothesized
that IC performance can be enhanced through a within-breed
selection strategy. To achieve this, breeding programmes
were simulated using the Modular Breeding Program
Simulator (MoBPS) web-interface (Pook et al, 2021). MoBPS
is based on stochastic simulation and enables the modelling
of complex breeding programmes, allowing comparison of
alternative trait recording strategies and selection approaches
(Simianer et al, 2021). This study simulated a traditional
conventional pedigree-based selection approach and multiple
genomic selection scenarios, each characterized by varying
proportions of genotyped individuals. These comparative
analyses of selection approaches offer essential insights for
designing breeding programmes that effectively balance
short-term productivity and long-term sustainability (Pocrnic
et al, 2023).

Materials and methods

Eritrean poultry producers demonstrated a marked
preference for cocks exhibiting red plumage and hens with
superior egg-laying capacity, owing to their elevated market
value and sale price (Habteslasie et al, 2026). In response, this
study endeavours to establish a dedicated egg-laying founder
line within the DK IC population, with a predominance of red
or red-brown plumage, tailored for enhanced egg output and
adaptability in rural environments. The design integrated
empirical insights from different studies (Esatu et al, 2022;
Pocrnic et al, 2023; Biittgen et al, 2025; Habteslasie et al,
2026).

Data sources

Real genotype data for the DK IC ecotype were generated
using genotyping-by-sequencing (GBS) conducted by
Diversity Arrays Technology Pty Ltd (DArT™). Key biological
and reproductive parameters for the nucleus breeding
population including the optimal number of males and
females retained per generation, mating ratios, fertility,
hatchability, and mortality rates, clutch size, and progeny sex
ratio were parameterized using estimates from established
IC breeding programmes. These included IC populations in
Eritrea (Habteslasie, 2018; Habteslasie et al, 2026), the Tilili
breeding programme in Ethiopia (Esatu et al, 2022), and
the NRI-KALRO IC initiative in Kenya (Ilatsia et al, 2017,
Miyumo et al, 2024).

Three key traits were evaluated in the breeding objective:
age at first egg (AFE), egg number within 12 weeks of onset
of lay (EN12), and residual feed intake (RFI) measured over
the same production period. These traits were selected to
simultaneously improve reproductive efficiency, early sexual
maturity, and feed utilization efficiency characteristics that
are particularly important in low-input, high-mortality
production environments typical of IC systems (Pius et al,
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2021). Such conditions have been documented in Eritrean
village production systems, where early maturity and
efficient feed utilization contribute substantially to flock
survival and productivity (Habteslasie, 2018; Habteslasie et
al, 2026). The inclusion of EN12 as an early indicator trait
for laying performance enables shorter generation intervals
and improved selection response, while RFI was incorporated
to enhance feed efficiency independently of production level.
Together, these traits support the development of a breeding
objective that balances productivity gains with practical
implementation under resource-constrained conditions. This
approach is consistent with modern breeding programme
design principles, emphasizing efficiency, robustness and
sustainability in smallholder systems (Miyumo et al, 2024).

Genetic parameters, including trait means, heritabilities,
and phenotypic and genetic correlations (Table 1), were
obtained from studies conducted in IC populations reported
by Miyumo et al (2023, 2024). These parameter estimates
were selected because they reflect production environments
comparable to those targeted in the present study, thereby
improving the biological relevance and applicability of the
simulation outcomes.

Table 1. Observed mean, phenotypic standard deviation,
heritability (diagonal), phenotypic (upper diagonal) and genetic
(lower diagonal) correlation for traits considered. AFE, age at first
egg (days); EN12, cumulative egg number at week 12 from onset
of lay; RFI12, residual feed intake (g/d) measured 12 weeks from
onset of lay; SD, standard deviation.

Traits Mean SD AFE EN12 RFI12
AFE 168 days 2.88 0.31 -0.2 -0.06
EN12 52 eggs 15.6 -0.54  0.23 -0.12
RFI12  0.37g/d 13.79 0.35 -0.44 0.36

Selection scenarios and simulation design

Seven alternative selection strategies, comprising
conventional and genomic breeding approaches, were
evaluated using stochastic simulation (Table 2). Simulations
were implemented in MoBPS via its graphical user interface

MoBPSweb (MoBPS; https://mobps.de), which interfaces
directly with the R package described by Pook et al (2021).
This framework enables flexible modelling of complex
breeding schemes, including genomic selection strategies,
population structure and operational constraints.

Conventional selection was modelled using pedigree-
based estimated breeding values derived from the Best Linear
Unbiased Prediction (BLUP) framework following Henderson
(1975). Genomic selection strategies were implemented
using both genomic BLUP (GB) and single-step genomic
BLUP (SSGBLUP) approaches, which integrate pedigree,
phenotypic and genomic information to improve accuracy of
estimated breeding values.

The pedigree-based scenario (PED) served as the baseline
control, in which no individuals were genotyped, and
selection decisions were based solely on pedigree BLUP. This
scenario reflects breeding strategies commonly implemented
in IC improvement programmes in developing countries,
where genotyping resources remain limited (Ndung’'u, 2021;
Esatu et al, 2022).

Six genomic selection scenarios were subsequently
evaluated to assess the impact of varying genotyping intensities
across sexes (Table 2). In scenarios SS25, SS50, and SS100,
only females were genotyped at increasing proportions of
25%, 50%, and 100%, respectively. These scenarios were
designed to explore cost-effective genomic implementation
strategies, given the larger number of females typically
available in poultry breeding populations. Two additional
scenarios incorporated genotyping of males alongside fully
genotyped females: SS100.25, in which 100% of females
and the top 25% of males were genotyped, and SS100.50,
in which 100% of females and the top 50% of males were
genotyped. Finally, the fully genomic scenario (GB) assumed
complete genotyping of both males and females, representing
the upper benchmark for genomic selection accuracy.
These scenarios enabled comparison of conventional and
genomic selection strategies across a gradient of genotyping
intensities, allowing evaluation of trade-offs between genetic
gain, selection accuracy and operational feasibility under
resource-constrained indigenous chicken breeding systems.

Table 2. Simulated breeding scenarios showing selection methods and proportion of genotyped males and females per generation. PED,
pedigree-based BLUP; SS25, SSGBLUP with only the top 25% of females genotyped; SS50, SSGBLUP with only the top 50% of females
genotyped; SS100, SSGBLUP with only 100% of females genotyped; SS100.25, SSGBLUP with 100% of females and the top 25% of males
genotyped; SS100.50, SSGBLUP with 100% of females and the top 50% of males genotyped; GB, 100% genotyping of both males and

females.

Scenario Selection method Genotyped individuals per generation
Male Female Male Female

1 PED Pedigree Pedigree 0 0

2 SS25 Pedigree SSGBLUP 0 Top25%

3 SS50 Pedigree SSGBLUP 0 Top50%

4 SS100 Pedigree SSGBLUP 0 100%

5 §$5100.25 SSGBLUP SSGBLUP Top25% 100%

6 S$S100.50 SSGBLUP SSGBLUP Top50% 100%

7 GB GB GB 100% 100%
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Generation of the founder population and traits, and
trait simulation

The core breeding scheme, including population structure,
founder population, genomic architecture and trait modelling,
followed the framework described by Biittgen et al (2025). To
construct a representative founder population, genotype data
from the DK population obtained using GBS were used. From
this dataset, a base population of 1,200 birds was generated
through random mating among founders. To establish
realistic levels of genetic relatedness and pedigree structure
prior to selection, five generations of random mating were
simulated following the approach described by Martin et al
(2023, 2024). This burn-in phase allowed the development
of a structured pedigree and linkage disequilibrium patterns
representative of practical breeding populations.

Traits were simulated assuming a polygenic architecture,
consistent with the approach of Biittgen et al (2025).
Specifically, each trait was controlled by 1,000 additive
quantitative trait loci (QTLs), randomly sampled from the
available SNP markers. These SNPs were subsequently
included in genomic breeding value estimation for both
genomic BLUP (GBLUP) and single-step genomic BLUP
(SSGBLUP) scenarios. Genetic correlations among traits
were generated by allowing QTLs to influence multiple
traits, with correlated genetic effects derived using Cholesky
decomposition of the target genetic correlation matrix,
following Biittgen et al (2025).

Trait means and genetic parameters (Table 1) were applied
to the base population. Phenotypes were generated only for
females, reflecting practical constraints in poultry breeding
where male performance traits are often unavailable.
Consequently, selection of male candidates was based on
estimated breeding values derived from female relatives,
including ancestral and sib performance information. To
control inbreeding, mating between full- and half-sibs was
prohibited across all scenarios. All females were maintained
until 40 weeks of age, from hatch to the end of the recording
period, to enable complete phenotypic data collection
regardless of their selection status. This assumption ensured
consistent trait recording and reflects operational practices in
structured breeding programmes.

Furthermore, in accordance with the study of Fathi et
al (2021) and Zhao et al (2022), RFI was calculated by
adjusting feed intake for body weight, weight gain, and egg
mass production over a 4-week period, and RFI calculation
followed Miyumo et al (2023, 2024), ensuring accurate feed
intake prediction and aiding selection among birds with
similar RFI values. For females, RFI was calculated as:

3
RFI; =Y; — |bo + Z(bk + o) X
=1

Where: RFL is the estimated residual feed intake for the i
bird; Y, is the average daily feed intake record of the it" hen;
b, is the fixed intercept, representing the population-mean
feed intake when all predictors are zero, fork =1, 2, 3, X, =
EM, X, = ADG, and X, =MBW), denote respectively observed
average daily egg mass, average daily body-weight gain,
and metabolic body weight of i bird; b, are the fixed-effect
regression coefficients (k = 0, 1, 2, 3) for each predictor X, ;
0, is the random regression coefficient (k = 1, 2, 3) specific to
i bird for the observed traits and assumed to have a,~ N (0,

c’a) distribution. Metabolic body weight will be calculated
based on the average between initial and final body weights
raised to the power of 0.75 (BW°7).

Breeding schemes simulation

Given resource constraints, a single-tier closed nucleus
breeding structure was considered, aligning with many IC
breeding programmes in African countries (Ndungu, 2021;
Esatu et al, 2022). In total, seven different scenarios were
simulated. An in-depth overview of selection methods and
proportion of genotyping per generation for all scenarios are
given in Table 2, while the schematic overview of the breeding
programme along with cohort size is indicated in Figure 1.
Following Martin et al (2024), all active breeding females
from the Start-plus Female (S+F) cohort (group of individuals
generated via the same breeding action) at the start point of
each scenario in breeding cycle O were genotyped to create
an initial reference population for SSGBLUP and GB selection.

In all the modelled breeding programmes, 80 males and
480 females were selected from 1,075 males and 1075 female
selection candidates in all scenarios (Figure 1). Selection
proportions corresponded to 7.4% and 44% for males and
females, respectively, which resulted in selection intensities
of 1.97 and 0.89 for males and females, respectively, with an
average selection intensity of 1.43. According to Miyumo et
al (2024), selection intensity of 1.43 falls within the range
typically used in commercial chicken breeding programmes.

The founder generated from the actual genomic data of
DK IC was unrelated, and the following cohort Start Males
(startM) and Start Females (startF) were randomly mated for
five generations to establish initial relatedness and pedigree
structure to generate the Start-plus Male (s+M) and s+F as
a starting breeding population for each scenario (Figure 1).

Statistical analysis

Ten independent replicates were conducted for each
simulation scenario, with only breeding cycles 0 through 20
retained for evaluation. For each breeding cycle, individual
IC candidates were ranked for selection based on a total-
merit index (TMI). The weights applied to their EBVs were
derived from economic values and inter-trait correlations as
described by Biittgen et al (2025). The EBVs were not scaled
by their reliabilities and were used directly as obtained from
the respective evaluation models. Following Martin et al
(2023), equal economic weights were assigned to the three
focal traits, AFE, RFI12 and EN12, resulting in the following
index model, adapted from Rutten et al (2002):

TMI = bpppX*FE + brprp X2 4 by, XEN2

Where TMI is the total merit index, b, ., b..,, and B, .
are the economic weights assigned to AFE, RFI12 and
EN12, respectively, and XA, X®112 and X®N12and denote the
corresponding vectors of EBVs estimated via pedigree-based
and/or SNP-based methodologies.

Cumulative genetic gain (AGG) in a cycle (c) was
calculated as the proportional change in mean true breeding
value (TBV) relative to cycle 0, in accordance with Miiller et

al (2017) and Biittgen et al (2025):

TBV.—TBV
AGG = ——=—°¢
TBV,
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Figure 1. Schematic representation of the baseline DK IC breeding programme, generated and visualized using the MoBPSweb graphical
interface (www.mobps.de; Pook et al, 2021). Numbers in parentheses denote cohort sizes. founderM, founder male; founderFE, founder
female; s+M, Start-plus Male (selected breeding males from founder population); s+E Start-plus Female (selected breeding females from
founder population); parentsM, male generation O; parentsE female generation O; offspringM, male generation 1; offspringF= female
generation 1. Blue nodes indicate male cohorts, while red nodes indicate female cohorts. Edges depict breeding actions, with edge colours

corresponding to the type of action as detailed in the legend.

where AGG is the cumulative genetic gain, ﬁ/c and ﬁo
and denote the population-mean TBV in cycle c and cycle 0,
respectively. A cycle (c) corresponded to one generation in
the simulation, with cycle 0 defined as the founder population
and subsequent cycles representing successive selection and
reproduction events.

Breeding values were estimated using phenotypic and
pedigree data from the two most recent generations (pedigree
depth = 7), as described by Pook et al (2021) and Pook
(2025). Across all scenarios, standard multivariate animal
model was implemented in line with the study by Ouédraogo
et al (2021), Habimana et al (2024) and Khan et al (2025),
expressed as:

yi = Xib + Z;a; + €;

where: y, is vector of the trait records (AFE, RFI and EN21),
X.is incidence matrix relating fixed effects to observations,
b is vector of fixed effects coefficients, Z is incidence
matrix relating random genetic effects (breeding values) to
observations, a is vector of additive genetic effects (breeding
values) to be estimated and e, is the vector of residuals.

Under the PED scenario, used as a baseline, the random
effects were assumed to follow:

a~-MVN[0,A ® G.]

where MVN is the multivariate normal distribution, A is
the additive genetic relationship matrix among individuals
derived from pedigree (7-generation depth) and G, is the
additive genetic (co)variance matrix among the traits as 3
X 3 matrix while the e is vector of residual errors (random
environmental effects and measurement errors) of the trait
assumed

e-MVN[0,I® R|

where I is identity matrix and R is residual (co)variance
matrix among traits. Additive genetic (co)variance matric
(Ga) was expressed as:

2
O, AFE CaEN12,AFE  OaRFI12,AFE

Ga = GaRFI12,EN 12

2
OaAFE,EN 12 O,EN12

2
CaAFE,RFI12 OaEN 12,RFI12 CARFI12

Residual (co)variance matrix (R)

2
G AFE 0 0
_ 2
R = 0 O¢EN12 0
2
0 0 GeRFI12

In the GB scenario (scenario 7), all selection candidates
were genotyped and realized relationship matrix G replace
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A, thus a-MVN [0,A ® G,] , e-MVN [0,IQ) R] and
the genomic relationship matrix was computed as follows
according to VanRaden (2008):

T
G- mMM
2 L1 b (1 - pi)

where: G is the genomic relationship matrix among
individuals, M is a matrix of SNP genotypes coded as
0, 1, or 2 (0, 1 and 2 represents homozygous for the first
allele, heterozygous and homozygous for the second allele
respectively), m representing the number of copies of the
second allele at each SNP while p, is the frequency of the
second allele at marker i.

For scenario 2 to 6, in which only a subset of IC was
genotyped, SSGBLUP was applied, integrating pedigree and
genomic information in the combined relationship matrix:

H: a-MVN [0, A ® G, e-MVN [0,IQ R]

and its inverse is given by Yan et al (2018) as:

1o ac s [0 0
0 G 1—Ay

where: Ay, is the inverse pedigree relationship for the
subset of genotyped animals, A? is the inverse pedigree
relationship for all animals, G' is the inverse genomic
relationship among genotyped animals.

All three evaluation strategies (PED, SSGBLUP and GB)
were solved simultaneously using Henderson (1975) mixed
model equations:

b
a

where: X, incidence matrix for fixed effects; (b), vector
of estimated fixed effect coefficients; Z, links observations
to random genetic effects (4); (&), vector of estimated
random effects (breeding values); y, vector of all phenotypic
observations; R, covariance matrix of residuals, G, ! inverse
(co)variance matrix of additive genetic effects among the
three traits, where M is the inverse relationship matrix with
A matrix for PED, G matrix for GB scenario and H (pedigree +
genomic) for SSGBLUP scenarios.

Accuracy of EBV was quantified as the Pearson correlation
between TBVs and EBVs within each cycle analysed in MoBPS
v1.06.62 web interface (Pook, 2025). The accuracy model
applied in this study follows the approach proposed by Lee
et al (2023):

Accuracyggy = cor(TBV,EBV) =

52t (TBV,~TBV. ) (EBVi.~EBV. )

/o (1mve v o BBV, BB

XTR-1X XTR-17Z

B [XTRIY}
ZTR1X ZTR1Z4+M!1®G, " a

ZTR'Y

where: TBV is the true breeding value, EBV is the estimated
breeding value, i is individual IC in cycle ¢, TBV_and EBV, are
the respective within-cycle mean and n_ is the length of IC
per cycle.

Genomic inbreeding coefficient in the MoBPS simulator
was quantified according to the definition by Donnelly

(1983), which describes inbreeding as the probability that
the two alleles carried by an individual at an arbitrary locus
are identical by descent (IBD). Cycle-specific inbreeding
levels were averaged across the ten replicates per scenario
following the model by Nishio et al (2023). Specifically, the
inbreeding coefficient (F, ) of individual i in breeding cycle c
was computed as: ’

1 L
Fie =1+ > 1511

where: F_ is the inbreeding coefficient of individual i in
breeding cycle ¢, L,is an indicator variable that takes the
value 1 if the two alleles of individual i at locus [ are identical
by descent (IBD), and O otherwise and L is total number of
biallelic loci.

Subsequently, the mean inbreeding coefficient for breeding
cycle c (F) was obtained by averaging across all N_individuals
present in that cycle as follows:

T _ 1 L
Fe=x 21 Fie

where ﬁc is the mean inbreeding coefficient of all IC in
cycle ¢, N_ is the number of IC in breeding cycle c.

For the purposes of direct comparison with pedigree-
based or marker-based evaluation methods, the matrix-based
estimate of the inbreeding coefficient (Fi%") was additionally
estimated from the diagonal elements of the respective
relationship matrices:

Frat = My — 1

Where M, corresponds to the diagonal element for
individual i from the pedigree (A)), genomic (G,) or single-
step combined (H,) relationship matrix, as applicable under
the PED, GB and SSGBLUP scenarios, respectively.

Finally, a one-way fixed-effects ANOVA was applied to
compare scenarios for cumulative genetic gain, accuracy,
and the rate of inbreeding. All analyses were conducted in
JMP Pro 17 (SAS Institute Inc., Cary, NC, USA). When the
omnibus F test was significant at o = 0.05, post hoc pairwise
differences among scenario means were assessed using
Fisher’s least significant difference (LSD), implemented in
JMP as Each Pair, Student’s t. The statistical model was:

Yy =p+1+s

where Y, represents the observed value for cumulative
genetic gain, accuracy, or change in the rate of inbreeding
in replicate j within scenario i; u is the overall population
mean; t, is the fixed effect of the i® scenario; and g denotes
the residual error term.

Results and discussion

Genetic gain

The genetic response across 20 generations observed in IC
female and male cohorts are summarized in Figure 2, Figure
3 and Table 3, respectively. Across 20 simulated generations,
genomic selection consistently outperformed conventional
PED, and its advantage increased with the proportion of
genotyped candidates included in SSGBLUB corroborating
the findings of Tu et al (2024) and Khan et al (2025).
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Figure 2. Accumulated genetic gain across 20 breeding cycle expressed as mean true breeding values of male cohort under multiple
scenarios. TMI, total merit index; GB, genomic BLUP; PED, Pedigree BLUP; SS25, SSGBLUP 25% female only genotyped; SS50, SSGBLUP
50% female only genotyped; SS100, sSSGLUP 100% female genotyped; SS100.25, SSGBLUP 100% female and 25% male genotyped;
$S100.50, SSGBLUP 100% female and 50% male genotyped.

Figure 3. Accumulated genetic gain across 20 breeding cycle expressed as mean true breeding values of female cohort under multiple scenarios.
Abbreviations as in Figure 2.
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Table 3. Summary (mean = SD) of index gain, accuracy, and inbreeding-level by scenario and sex across ten simulation replicates after 20
cycles. Different superscript letters within a column indicate significant differences (Fisher’s LSD, a = 0.05). Abbreviations as in Figure 2.

Scenario Index Accuracy Inbreeding

Female Male Female Male Female Male
GB 169.35+11.04* 168.23+11.56* 0.499+ 0.03>  0.287+ 0.06° 0.430+ 0.03 0.430= 0.022
PED 134.05+10.38¢ 130.7%= 12.15¢ 0.392 = 0.05¢ 0.158% 0.07¢ 0.406+ 0.01¢ 0.409+ 0.02"
SS25 132.74+ 4.28¢ 131.9+ 5.68¢ 0.415% 0.05¢ 0.151+ 0.07¢ 0.44+ 0.03* 0.434+ 0.022
SS50 138.67+11.33¢ 137.95+13.02¢  0.449+ 0.03¢ 0.163+ 0.04¢ 0.412=+ 0.02 b 0.409=+ 0.02%
SS100 134.46x 8.13¢ 132.41+ 7.04¢ 0.527=+ 0.032 0.164+ 0.06¢ 0.407+ 0.02 ** 0.403= 0.02¢
$S100.25 154.25+ 5.35° 152.65+ 5.12° 0.499+0.00° 0.282+ 0.07° 0.416+ 0.01 ** 0.420+ 0.022*
§$100.50 159.57+11.81®* 161.00* 12.96® 0.506+ 0.03" 0.332+ 0.052 0.419=+ 0.02% 0.423=+ 0.03 @

In males, the reference PED scenario (Figure 2) produced
a cumulative total-merit index gain from 7.9 units in
generation 1 (G1) (7.52%) to 130.7 units by G20 (124.42%),
corresponding to a linear gain of 6.54 units per generation.
Full genomic BLUB in which 100% of males and females were
genotyped (GB scenario), accelerated progress to 168.2 units
(162.81%) by G20, an improvement of almost 29% over PED
scenario and an average gain of 8.53 units per generation.
Similar superiority of full-genomic scenarios has been
documented by Biittgen et al (2025), Zhou et al (2025) and
Ndung et al (2021). Sanchez-Mayor et al (2022) attributed
this to increased reliability of genomic EBVs, a view further
supported by Juiputta et al (2025), who noted that while
GB excels at capturing polygenic variation, its assumption of
equal SNP effects may limit accuracy for traits controlled by
few major QTLs.

Partial-genotyping strategies under SSGBLUP revealed a
clear gradient in response (Figure 2). Genotyping only the
top 25% of females (SS25) yielded 131.9 units of cumulative
gain at G20, barely 1% above PED. Doubling the proportion
of genotyped females (SS50) raised terminal gain by 7.2
(+6%) units to 137.9 units, whereas full female-only
genotyping (SS100) produced 132.4 units (+1%). When
all females were genotyped, and the top 25% (SS100.25)
or 50% (SS100.50) of males were added, cumulative gain
increased to 152.6 and 161.0 units, representing 17% and
23% improvements over PED, respectively, and highlighting
the value of broader genomic coverage. An analysis of
variance (Table 3) confirmed a significant effect of selection
strategy on the male index at generation 20 (F = 23.094, p
< 0.0001). The GB scheme (168.23 = 11.56) did not differ
statistically from SS100.50 (161.0 = 12.96) but exceeded
all other SSGBLUP and PED scenarios; SS100.25 (152.65
+ 5.12) in turn surpassed SS50 (137.95 = 13.02), SS100
(132.41 = 7.04), SS25 (131.90 + 5.68), and PED (130.70 =
12.15), among which no differences were detected.

Female (Figure 3) exhibited a comparable cumulative
total merit index gain pattern to males across the 20
generations. Under the PED scenario, the total-merit index
rose from 9.2 units in G1 to 134.1 units in G20 (121.72%
cumulative gain). GB scenario achieved 156.59% by G20,
26% higher than PED, equating to an average gain of 8.41
units per generation. ANOVA (Table 3) likewise revealed
a significant effect of breeding scheme (F = 24.905, p <
0.0001). GB (169.35 = 11.04) significantly outperformed
all SSGBLUP and PED schemes except SS100.50 (159.57
+ 11.81), which did not differ statistically from GB yet
exceeded SS100.25 (154.25 =+ 5.35). Both intensive

genomic schemes (SS100.25 and SS100.50) outperformed
SS50 (138.67 =+ 11.33), SS100 (134.46 + 8.13), SS25
(132.74 = 4.28), and PED (134.05 + 10.38), among
which differences were non-significant.

As depicted in Figure 3, only-female genotyping schemes
(SS25, SS50 and SS100) paralleled the PED trajectory up to
G10; thereafter, SS50 and SS100 diverged modestly, finishing
approximately 6% points above PED, while SS25 remained
within the conventional PED scenario. Across the 20
generations, PED cumulative gain rose steadily from 8.35%
(G1) to 121.72% (G20), closely mirrored by SS25 (7.60%
to 121.89%). SS50 and SS100 attained terminal gains of
127.76% and 125.73%, respectively; supplementing full
female panels with 25% or 50% top-male genotypes further
increased gains to 144.83% and 149.34% respectively. The
GB scheme delivered the highest overall gain of 156.59%.
These results align with Martin et al (2024), who reported a
near-linear relationship between the proportion of genotyped
candidates and realized gain. Sdnchez-Mayor et al (2022)
similarly observed that SSGBLUP efficacy improves with more
extensive genotyping, albeit incrementally. Genomic selection
thus represents a potent strategy for accelerating genetic
progress, particularly for sex-limited, difficult-to-measure,
or low-heritability traits (Khan et al, 2025), characteristics
typifying the present investigation.

Accuracy of breeding value estimation

The mean accuracy of breeding value estimation per
scenario after breeding cycle 20, averaged over ten simulated
runs per cycle, is illustrated in Figure 4 for both male and
female cohorts. After 20 rounds of selection, the prediction
method exerted a pronounced effect on accuracy in each sex,
as evidenced by highly significant one-way ANOVA (Table 3)
results (females: F = 47.8, p < 0.0001; males: F = 36.3, p
< 0.0001). In IC, EBV accuracy was therefore contingent on
both the proportion of birds genotyped and the evaluation
model applied (PED , SSGBLUP or GB) in line with previous
studies (Lourenco et al, 2015; Yan et al, 2018; Gao et al,
2019; Zhang et al, 2020; Tu et al, 2024; Zhou et al, 2025).

For the females, the highest average accuracy was
achieved when all females were genotyped (SS100 scenario:
0.527 + 0.026). This was followed by the S$100.50 (0.506 +
0.047), SS100.25 (0.500 = 0.048), and GB (0.499 = 0.027)
scenarios, with no significant differences among these (Table
3). However, when the proportion of genotyped females
was reduced to 50% (SS50 scenario), accuracy dropped
significantly (Table 3) to about 0.45 #+ 0.025. This level
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Figure 4. Mean prediction accuracy of estimated breeding values over 20 generations, shown for the female (left) and male (right) cohorts

across the seven evaluated scenarios. Abbreviations as in Figure 2.

remained notably higher than in the SS25 scenario (0.41
+ 0.026), while the lowest accuracy was observed in the
traditional pedigree-based PED scenario at 0.39 + 0.028.
Overall, the SSGBLUP method achieved the highest dam-side
accuracy, outperforming the traditional PED by roughly 26%.

Figure 4 depicts the average accuracy of estimated
breeding values across evaluated scenarios. For males, the
accuracy attained its highest mean value (0.332 * 0.046)
in the SS100.50 scenario, significantly exceeding (Table 3)
the accuracies observed in the GB scenario (0.287 =+ 0.059)
and the SS100.25 scenario (0.282 =+ 0.071). The GB and
S§S100.25 scenarios comprised an intermediate cluster, with
no statistically significant differences observed between
them. Conversely, the SS100 scenario exhibited a relatively
low accuracy (0.164 = 0.055), grouping closely and without
significant differences with the SS50 (0.163 *+ 0.041), SS25
(0.151 = 0.067), and PED (0.158 + 0.065) scenarios (Table
3).

As with the female cohort, male EBV accuracy benefited
from the inclusion of genomic information: under the
SSGBLUP model, accuracy exceeded that of the PED model
by approximately 52%. Comparing both cohorts, the
accuracy in the female cohort under the SS100 scenario was
notably higher (0.53) compared to the male cohort’s peak
under SS100.50 (0.33), representing a deficit of about 37%.
This difference is attributable to the design of the breeding
scheme, which only includes phenotype measurements for
the female cohort as well as the inclusion of only female
cohort genotyping as reference. Lourenco et al (2015)
further demonstrated that including training populations
from one sex improves the genomic estimated breeding value
(GEBV) accuracy for that sex in chickens, while incorporating
genotypes from both sexes as training populations enhances
overall accuracy. This supports the current study’s finding of
higher accuracy in the female cohort.

According to Mancisidor et al (2021), genomic evaluation
accuracy depends on factors such as linkage disequilibrium
between markers and quantitative trait loci (QTL), effective
population size, and the relationships between individuals
in training and validation datasets. Additionally, reference
population size, composition, training data size, and
heritability are essential factors influencing accuracy (Takeda
et al, 2021). The observation of increasing accuracies with
an increasing proportion of genotyped individuals aligns
with findings reported by Yan et al (2018), Mancisidor et al
(2021), Pook et al (2021), Martin et al (2024), Biittgen et al
(2025), Zhou et al (2025).

The superior accuracy achieved using SSGBLUP compared
to standard GB and traditional PED methods is consistent with
studies by Yan et al (2018) and Gao et al (2019). Specifically,
in small populations, SSGBLUP predictions were enhanced by
integrating genetic marker information alongside pedigree
data, while the limitations of GB related primarily to small
training set sizes (Yan et al, 2018). Tu et al (2024) reported
that SSGBLUP achieved the highest prediction accuracy for
egg-production traits, while GB accuracy fell below that of
PED for total egg number, average laying rate, and clutch
length, effects attributed to the number of genotyped animals
and SNP-chip density. These authors recommend SSGBLUP
as an effective tool for genomic prediction in local chicken
populations when genotyping capacity is limited. However,
Gao et al (2019) indicated that the predictive advantage
of SSGBLUP over PED depends heavily on the number of
genotyped individuals and the informativeness of genetic
markers. Sdnchez-Mayor et al (2022) caution that genotyping
only 10% to 20% of families may lower prediction accuracy
in SSGBLUP by leaving linkage unrepresented in the training
set, and recommend expanding or stratifying sampling to
capture broader genetic variation and improve predictions.
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Inbreeding level

According to Biittgen et al (2025), evaluating breeding
programme designs demands simultaneous consideration
of genetic gain and the annual rate of inbreeding, in order
to mitigate the risks of inbreeding depression and erosion
of genetic diversity. In this study, the mean inbreeding level

across 20 generations was calculated separately for male
and female individual ICs under each scenario, based on ten
simulation replicates per design, and the results are depicted
in Figures 5 and 6.

In the female cohort (Figure 5), the inbreeding coefficient
increased progressively across all selection scenarios
through G20. Analysis of variance followed by Fisher’s

Figure 5. Inbreeding Level per generation in the female cohort across selection scenarios (PED, SS25, SS50, SS100, SS100.25, S$100.50, GB)

and 20 generations (G1 to G20). Abbreviations as in Figure 2.

Figure 6. Inbreeding Level per generation in the male cohort across selection scenarios (PED, SS25, SS50, SS100, SS100.25, S$100.50, GB)

across 20 generations (G1 to G 20). Abbreviations as in Figure 2.
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least significant difference (LSD) test produced an F-ratio
of 2.9094 (p = 0.0144), confirming significant differences
among scenarios (Table 3). Under the pedigree-based (PED)
scenario, inbreeding level rose from 4.5% at GO to 40.5%
at G20, an average per-generation gain of 1.9% and a
cumulative rate increase of 37.7%. The single-step with 100%
of only-females genotyped (SS100) scenario ranked second,
reaching a 40.6% inbreeding level at generation 20 (38.1%
cumulative rate). In contrast, the SS25 scenario exhibited the
highest level, from 4.0% at GO to 43.9% at G20, representing
an 8.1% greater accumulation relative to PED and an average
increment of approximately 2.0% per generation. The GB
scenario followed, culminating in 42.5% inbreeding level at
generation 20 (4.8% above PED). Intermediate genotyping
scenarios, SS50, SS100.25 and SS100.50, attained inbreeding
levels of 41.2%, 41.6%, and 41.9%, respectively, at G20;
none differed significantly from the PED reference scenario
(Table 3). A parallel upward trajectory was observed in the
male cohort (Figure 6). Under the PED scenario, inbreeding
level increased from 4.1% at GO to 40.9% at G20, averaging
a 1.9% rise per generation. The SS100 scenario recorded
the lowest level at generation 20 (40.3%), followed by SS50
(40.9%). Specifically, the SS100 scenario resulted in a 1.5%
lower inbreeding coefficient than PED at G20, with an average
per-generation increment of 1.89% and a cumulative total
rate of 37.9% over 20 generations. Conversely, both SS25
and GB scenarios exhibited the steepest increases, reaching
43.5% and 42.9% inbreeding levels at G20, respectively; the
S$S25 scheme showed a 6.2% elevation relative to PED, with a
2.0% average per-generation rise and a cumulative inbreeding
gain of 40.9% across 20 generations. The GB, SS100.50 and
S$S100.25 scenarios followed, demonstrating inbreeding level
increases at generation 20 of 4.8%, 3.4%, and 2.5% above
PED, respectively. Statistical analysis confirmed significant
differences among methods (F = 3.0534; p = 0.011).

The observed inbreeding rates in these breeding strategies
substantially exceeded the recommended threshold of
0.1% per year for livestock, which is considered optimal
for preserving evolutionary potential (Biittgen et al, 2025).
Miyumo et al (2024) noted that incorporating feed-related
traits, such as residual feed intake, alongside production
traits elevates the inbreeding rate by approximately 0.04%
to 0.26% compared to indices focused solely on production
traits. In closed-nucleus breeding systems with low effective
population sizes, as in the present study, inbreeding rates are
influenced by the limited number of individuals contributing
to genetic variation (Wang et al, 2016). Habimana et
al (2024) demonstrated that increasing nucleus size in
deterministic simulations enhances genetic gain while
reducing inbreeding rates in both PED and GB methods by
increasing the selection of unrelated parents and the size of
the reference population. However, expanding flock size may
increase the costs of nucleus programmes. Ouédraogo et al
(2021) emphasized that sustainable nucleus programmes
require robust infrastructure and technical inputs, with many
such programmes in developing countries failing due to
insufficient funding. The success of these programmes hinges
on their simplicity and efficacy (Miyumo et al, 2024).

Additionally, Woolliams & Bijma (2000) found that
selecting traits with low heritability in BLUP-based indices
increases reliance on relatives' information, thus elevating
relatedness and inbreeding rates. This finding aligns with
the present study, where traits evaluated showed low to

moderate heritability. The SS25 scenario consistently resulted
in the highest inbreeding rates, with GB producing higher
inbreeding compared to SSGBLUP and PED. According to Tu
et al (2024), GB predictions for traits such as egg number
and clutch length are not significantly superior due to small
training populations. Yan et al (2018) also indicated that GB
provided limited improvements over PED when only small
populations of genotyped individuals are used. Song et al
(2019) evaluated the efficiency of genomic prediction for
seven body measurement traits in pigs and suggested that
genomic selection based on small reference populations of
400 genotyped animals yields less genetic information than
larger pedigree-based datasets of 5,000 individuals.

In genomic-selection programmes, candidates closely
related to the training population receive inflated estimated
breeding values, which intensifies co-selection of relatives and
hastens homozygosity, especially under stringent truncation
selection and low effective population size (Sgrensen &
Sgrensen, 2010; Wolc et al, 2015). Additionally, partial
implementation of genomic selection, as seen in scenarios
like SS25 and SS50, results in elevated inbreeding rates
due to imbalanced information, which inadvertently focuses
selection on specific lines (Sgrensen & Sgrensen, 2010).
Sorensen & Sgrensen (2010) also note that unbalanced
genotyping increases annual genetic gain by 2 to 4% but
doubles inbreeding rates in the most extreme cases, with
optimum contribution selection (OCS) outperforming
truncation selection for balancing genetic gain and inbreeding.
The distribution and number of genotyped males and females
significantly influence genetic gain and inbreeding reduction
(Sgrensen & Sgrensen, 2010). The results of this study are
consistent with the findings reported by Biittgen et al (2025)
that for all simulated generation intervals, genomic selection
for females not only led to a greater increase in genetic gain,
but also to higher inbreeding, compared to a scenario with
the same design but selection based on pedigree BLUP EBVs.

Finally, Figure 7 presents the ratio of genetic gain to
inbreeding (AG/AF) across seven breeding scenarios.
According to Biittgen et al (2025), the breeding programme
attaining the highest genetic progress per unit of inbreeding
is considered the most sustainable. In line with this criterion,
the GB scenario consistently exhibited the highest AG/AF
ratios, achieving values of 417.74 for males and 423.37 for
females, thus demonstrating superior efficiency in maximizing
genetic gain relative to inbreeding. When compared to the
PED scenario, the GB scenario improved the AG/AF ratio by
approximately 19% for females and 23% for males (Figure
7).

The SS100.50 scenario followed closely, attaining ratios
of 407.16 and 402.92 for females and males, respectively,
representing gains of 14.5% and 18% relative to PED.
Conversely, the SS25 and PED scenarios recorded lower AG/AF
values (319.89 and 355.51 for females; 322.46 and 340.43
for males), highlighting their lower efficiency in achieving
a balanced trade-off between genetic gain and inbreeding.
These findings align with previous studies (Raoul et al, 2017;
Ndung'u, 2021; Thomasen et al, 2020; Martin et al, 2024),
confirming that genomic selection methods, such as GB and
SSGBLUR consistently outperform traditional pedigree-based
approaches in optimizing genetic improvement relative to
inbreeding.
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Figure 7. Genetic gain-to-inbreeding ratio (AG/AF) in male and female cohorts under seven evaluated scenarios (PED, SS25, SS50, SS100,
$S100.25, SS100.50, GB) at generation 20. Abbreviations as in Figure 2.

Practical implications

This study employed stochastic simulations using the
MOoBPS framework to evaluate the efficacy of PED, SSGBLUB
and GB across seven genotyping scenarios within a closed-
nucleus breeding scheme for the DK IC in Eritrea. The
simulation study presented herein was structured to reflect
realistic breeding programme parameters, drawing upon
empirical data from similar IC improvement initiatives in
Kenya (Ilatsia et al, 2017; Miyumo et al, 2024) and Ethiopia
(Esatu et al, 2022). Furthermore, to enhance authenticity,
actual genotype and phenotype data from DK were integrated
into the simulation. This study provides critical insights for
developing effective breeding strategies aimed at increasing
egg production within IC populations, particularly in
resource-limited environments. In response to the escalating
consumer demand for IC eggs and meat (Ilatsia et al, 2017),
this simulation emphasized formulating alternative breeding
objectives geared toward establishing specialized egg-laying
strains capable of rapid genetic advancement and enhanced
economic returns. This approach serves as a foundational
step towards developing DK lines adapted to the feed-scarce
and disease-prone conditions prevalent in Eritrea, aligning
with recommendations by Okeno et al (2013).

The design of the IC improvement programme
incorporated three critical traits and involved minimal
genotyping, specifically targeting females within the reference
population. This strategy facilitates the selection of early-
maturing and feed-efficient birds well-suited to the harsh

production environment realities encountered in FEritrea's
scavenging poultry systems (Habteslasie, 2018; Habteslasie
et al, 2026). The simplicity, practicality and affordability of
the proposed programme are particularly relevant given the
financial constraints commonly observed in similar breeding
programmes within developing nations (Ouédraogo et al,
2021).

All seven breeding scenarios assessed in this study resulted
in positive genetic gains, albeit with varying inbreeding.
The outcomes clearly delineate pathways for designing
sustainable breeding programmes focused on egg-laying
productivity within smallholder, resource-constrained
contexts. Specifically, genomic selection methods, including
SSGBLUP and conventional genomic BLUP (GB scenario),
substantially improved genetic progress in egg-laying traits
of DK chickens compared to traditional pedigree-based
approaches. Importantly, the partial genotyping strategies
examined, such as SS100.25 and SS100.50, demonstrated
significant genetic improvement (17% and 23%, respectively)
without incurring the prohibitive costs associated with full
population genotyping.

Despite these advantages, initial investment in genotyping
infrastructure poses a substantial challenge, particularly
given the limited application of genomic selection in poultry
breeding within resource-poor regions (Habimana et al,
2024) like Eritrea. The prohibitive cost of genotyping relative
to the value of individual selection candidates remains
a critical barrier (Wolc et al, 2015). In contrast, this study
revealed that targeted partial genotyping, notably of selected
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females, significantly mitigates these financial burdens
while maintaining genetic gains, rendering GS more feasible
for local breeding programmes. Moreover, the SSGBLUP
framework in this study recaptured much of the advantage
offered by comprehensive multi-step genomic selection
strategies, presenting an attractive option for smallholder
and resource-limited breeding schemes, particularly when
extensive genotyping is impractical (Tu et al, 2024). Given
the distinctive characteristics of the DK ecotype, including
thermotolerance and disease resistance, maintaining genetic
diversity and minimizing inbreeding are crucial for sustainable
programme outcomes. Therefore, strategies such as optimal
contribution selection (OCS), which improve the genetic
gain-to-inbreeding rate ratio, are highly recommended due
to their minimal associated costs (Biittgen et al, 2025).

Conclusion

This study provides a robust foundation for implementing
genetic selection strategies in the DK IC breeding programme
to achieve affordable, faster and sustainable genetic gains
in resource-constrained environments. Full GB yielded the
highest gain-to-inbreeding ratio, but SSGBLUP with targeted
genotyping captured 90% of this benefit at a significantly
lower cost of genotyping, making it a pragmatic choice for
low-resource settings. Genetic gains increased with the
number of genotyped individuals, while the accuracy of
breeding value estimation was primarily influenced by the
size and distribution of the genotyped reference population.
Implementing this breeding framework could raise Eritrean
egg yield by more than 8% per year while further field
trials on optimized contribution-controlled mating and
cost-effective reference-genotyping strategies, such as low-
coverage sequencing to expand the reference panel, would
refine the programme and help manage inbreeding effectively.
Collectively, these insights provide a practical framework for
improving low-input poultry systems, supporting smallholder
farmers, and strengthening Eritrea’s socio-economic resilience
through enhanced IC production.
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