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Introduction

Genomic selection was proposed to overcome limitations of Marker assisted selection (MAS)
by assuming that all markers may be linked to QTL affecting the trait. Instead of testing
markers one by one, GS jointly estimates effects of tens of thousands of SNPs and predicts a
genomic estimated breeding value (GEBV) for each individual (Meuwissen et al., 2001;
Foroutanifar ef al., 2013). This can greatly increase selection accuracy, particularly early in
life, reduce generation intervals, and increase genetic gain per year (Meuwissen ef al., 2016;
Hosseini et al., 2020). GS has now been widely implemented in dairy and beef cattle, pigs,
poultry, and increasingly in sheep and small ruminants (Meuwissen et al., 2016; Hosseini et
al., 2020).

In practice, breeding programs rarely focus on a single trait. Instead, they define an aggregate
genotype or breeding goal that combines multiple traits—such as production, fertility,
robustness, and health—weighted by economic or strategic importance (Foroutanifar, 2020;
Foroutanifar et al., 2017). Traditional selection indices convert information from several
traits into a single numerical value used to rank animals, balancing genetic gain across traits
and managing antagonistic correlations (Foroutanifar, 2020). When GS is applied in a multi-
trait context, GEBVs can be used as inputs to selection indices, or multi-trait genomic
prediction models can be fitted directly (Foroutanifar, 2020). However, standard GS can
behave sub optimally when traits in the breeding objective have very different heritabilities
and unfavorable genetic correlations. In such cases, selection pressure tends to concentrate on
the trait with higher heritability and more accurate prediction, and the correlated response in
the low heritability trait may be negative (Foroutanifar et al., 2013; Foroutanifar, 2020). This
problem is particularly acute when low heritability traits (e.g., fertility, disease resistance,
robustness) are negatively correlated with high heritability production traits, leading to
undesirable deterioration in functional traits if not explicitly controlled (Foroutanifar, 2020).
The Genomic Selection Index (GSI) extends the classical selection index theory into the
genomic era by building indices directly from genomic markers and their trait specific
effects. In contrast to standard GS, which typically sums marker effects into a single GEBV
per trait and then combines those into an index, GSI works at the level of marker groups that
differentially affect the component traits (Foroutanifar, 2020). The GSI which was proposed
by Foroutanifar (2012), first divides markers into groups based on their effects on different
traits, then constructs an index as a weighted linear combination of genomic breeding values
for each marker group. The weights are chosen to maximize response in the aggregate
genotype while allowing more precise control of responses in individual traits (Foroutanifar,
2020). This leverages the fact that with dense genomic information, the contribution of
specific genomic regions to each trait can be quantified and reweighted to steer the multi-trait
response.

Theoretical framework of the genomic selection index (GSI). The Genomic Selection
Index (GSI) extends classical selection index theory (Hazel, 1943) into the genomic era by
using marker-based predictions instead of purely phenotypic EBVs. The breeding objective is
summarized in an aggregate genotype (net merit) H=g'v where (g) is the vector of true
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breeding value for traits and (v) its economic weights. In selection index theory, an index
[I=b'X] is formed as a linear combination of observable or predictable variables X (e.g.,
EBVs, GEBVs, or sub GEBVs). The optimal coefficient vector (b) is chosen to maximize the
correlation between (I) and (H), or equivalently to maximize expected response in (H) for a
given selection intensity. Under multivariate normality, the optimal solution is [b=P-! Gv]
where (P) is the phenotypic (co)variance matrix among index variables and (G) is the
(co)variance matrix between index variables and the breeding objective traits.

Foroutanifar (2012) adapted this theory specifically to multi-trait genomic selection by
redefining (X) as sub GEBVs by marker group, keeping the same optimization criterion:
choose (b) so that corr (ILH) is maximized. This maintains the optimality properties of
classical selection indices while exploiting the full marker information delivered by genomic
prediction. The distinctive feature of GSI in Foroutanifar’s formulation is that it categorizes
markers by the direction and magnitude of their effects on multiple traits, then builds the
index on group level sub GEBVs rather than on a single genome wide value (Foroutanifar,
2012). For a two-trait system, markers are divided into eight biologically interpretable groups
such as those that affect both traits in the same direction (bs1 and bs2), some that affect traits
in the opposite direction, either affect trait 1 positively and affect trait 2 negatively (pnl and
pn2, respectively) or vice versa (npl and np2, respectively), and the rest affect only one trait
(otl and ot2). Therefore, the sum of the effects of the marker of each group for each trait
resulted in eight sub-GEBVs (GEBVbsl, GEBVbs2, GEBVpnl, GEBVpn2, GEBVnpl,
GEBVnp2, GEBVotl, and GEBVot2). Thresholds on effect size or posterior inclusion
probabilities (e.g., from Bayesian models) can be used to decide whether a marker “belongs”
to a group, similar to marker prioritization strategies used for GS more generally
(Foroutanifar, 2020).

By calculating sub-GEBVs for each marker group, breeders can apply Selection Index
Theory to derive a vector of coefficients (b) that maximizes the correlation between the index
(D) and the aggregate genotype (H) (Foroutanifar et al., 2017). This mathematical approach
ensures that selection pressure is distributed effectively, protecting rare or low-heritability
favorable alleles from being masked by dominant high-heritability traits (Foroutanifar, 2020).

Response to selection. Simulation of a two-trait aggregate genotype, which both traits have
positive economic weights, shows that when traits are negatively correlated (e.g., -0.6 or -
0.5) and differ in heritability, standard genomic selection often results in a negative genetic
gain for the low-heritability trait (Foroutanifar er al., 2013. GSI methods, particularly the
GSI1 variant, can generate up to 137% higher genetic gain for low-heritability traits
compared to standard GS (Foroutanifar, 2012; Foroutanifar, 2020).

In scenarios with negative correlations, GSI has been shown to yield a 9% to 10.2% higher
response in the aggregate genotype compared to ridge-regression BLUP (RBLUP). While GS
may offer a higher initial response for high-heritability traits, GSI provides a more balanced
long-term approach that prevents the severe decline of low-heritability traits. As genetic
correlations become positive, the difference between GSI and GS narrows, with both
providing similar responses at correlations of 0.4 to 0.5. In cases of strong negative
correlation, Bayes A and Bayes C methods often provide the highest response for low-
heritability traits because they effectively incorporate prior knowledge about the distribution
of QTL effects (Foroutanifar, 2020).

The GSI method is essential for breeding programs that must balance antagonistic traits, such
as yield versus disease resistance. Standard GS treats all markers as equal contributors to a
single weighted index, which inherently favors the trait with higher accuracy (Foroutanifar,
2020). GSI corrects this by assigning specific weights to markers based on their pleiotropic



sign, effectively increasing the contribution of the low-heritability trait to the total selection
response (Foroutanifar, 2020).

Genetic Variance. Long-term selection leads to a reduction in genetic variance. The
Literature indicate that this reduction is more pronounced for traits under higher selection
pressure (Foroutanifar, 2020). GSI generally retains higher genetic variance for both traits
compared to standard GS when correlations are negative. Selection creates a non-random
association of alleles, known as the Bulmer effect, which reduces genetic variance after the
first generation of selection. This effect is more significant in schemes with higher selection
accuracy (Foroutanifar, 2012; Foroutanifar, 2020). Under negative genetic correlations,
standard genomic selection imposes unbalanced selection pressure favoring the high-
heritability trait. This accelerates fixation of alleles that are favorable for that trait but
unfavorable for the low-heritability trait, leading to rapid loss of genetic variance via the
Bulmer effect. GSI mitigates this by partitioning markers into groups based on the sign of
their pleiotropic effects, assigning sub-GEBVs, and optimizing index weights to maintain
contributions from both traits. This balanced selection reduces the Bulmer effect and retains
higher genetic variance, particularly for the low-heritability trait.

Inbreeding. One of the notable benefits of genomic selection schemes (both GS and GSI) is
the reduction in inbreeding rates compared to traditional PBLUP. Genomic methods allow
for the estimation of the Mendelian sampling term, enabling breeders to select the best
individuals within a family rather than selecting entire families (Foroutanifar, 2012;
Foroutanifar, 2020). Traditional PBLUP can lead to inbreeding rates twofold greater than
genomic methods. In genomic schemes, inbreeding typically remains low, at less than 0.4%
per generation (Foroutanifar, 2012; Foroutanifar, 2020).

Genetic Correlations. Selection itself reshapes genetic correlations. According to livestock
research studies (e.g. Cuyabano ef al., 2025), multi-trait index selection can attenuate positive
correlations and intensify or relax negative ones, depending on weights and selection
intensity. The direction and magnitude of change depend on the initial correlation and
selection method employed. The GSI methods accelerated correlation changes compared to
GS. In GSI simulations, when traits were positively correlated (rg = +0.3 to +0.6), long term
selection consistently reduced the correlation magnitude. Conversely, for an initial
correlation of -0.3, selection intensified the negative relationship, while for rg = -0.6, changes
were negligible (Foroutanifar, 2012). The observed changes in genetic correlations can be
explained by shifts in allele frequencies at pleiotropic QTLs. Simultaneous selection for both
traits preferentially increased the frequency of favorable alleles with positive effects on both
traits. As these alleles approached fixation, their contribution to the genetic covariance
diminished relative to unfavorable alleles that remained at intermediate frequencies.

Conclusions

Simulation of a two-trait aggregate genotype confirms that GSI is particularly advantageous
when traits are negatively correlated and differ in heritability. When one trait has low
heritability and is antagonistically correlated with a higher heritability trait, GSI produces
higher long-term gain in both the low heritability trait and the overall aggregate genotype
than conventional genomic selection based on a single GEBV. As the genetic correlation
becomes less antagonistic (approaching 0.5), responses from GSI and standard genomic
selection converge and become similar.
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