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Marker selection using posterior
inclusion probability in genomic
prediction models for rice data

Abstract — The objective of this work was to evaluate the performance of the
combination of the BayesDr model for marker selection based on posterior
inclusion probability (PIP) and of BayesA in assessing the predictive ability,
heritability, and predictive bias for a set of rice phenotypic traits. The
Markov chain Monte Carlo algorithm was used for the data analysis. For the
calculation of PIP, marker effects were estimated using the BayesDn method.
Subsequently, the ratio between the number of iterations in which each marker
had a non-zero effect and the total number of iterations was calculated. The
markers were allocated into groups of 2,000, 4,000, 6,000, ..., and 36,901
(entire data set), in descending order of importance. The BayesA method was
used to re-estimate the effect of the markers in each group. For comparison
purposes, marker effects were also calculated using the BayesA and BayesDn
methods separately. In the proposed model, the PIP proved to be effective in
understanding genetic architecture, resulting in a higher predictive ability, as
well as in a higher heritability and a lower bias in the selection of the most
important markers for genomic prediction compared with the other methods
without prior marker selection.

Index terms: Oryza sativa, Bayesian inference, genetic breeding, genomic
selection.

Selecao de marcadores com uso de probabilidade
a posteriori de inclusao em modelos para
predicao gendomica em dados de arroz

Resumo — O objetivo deste trabalho foi avaliar o desempenho da combinagdo
do modelo BayesDm para sele¢cdo de marcadores com base na probabilidade de
inclusdo a posteriori (PIP) e do BayesA na avalia¢do da capacidade preditiva,
da herdabilidade e do viés preditivo de um conjunto de caracteristicas
fenotipicas de arroz. O algoritmo Markov chain Monte Carlo foi utilizado
para a analise de dados. Para o célculo da PIP, os efeitos dos marcadores
foram estimados com uso do método BayesDm. Posteriormente, foi calculada
a razdo entre o numero de iteracdes em que cada marcador apresentou
efeito diferente de zero e o niimero total de iteragdes. Os marcadores foram
distribuidos em grupos de 2.000, 4.000, 6.000, ..., e 36.901 (conjunto de
dados inteiro), em ordem decrescente de importancia. Utilizou-se o método
BayesA para reestimar o efeito dos marcadores em cada grupo. Para fins de
comparagdo, os efeitos dos marcadores também foram calculados com uso
dos métodos BayesA e BayesDn separadamente. No modelo proposto, a PIP
se mostrou eficaz na compreensao da arquitetura genética, tendo resultado
em maior capacidade preditiva, bem como em maior herdabilidade e menor
viés na selecao dos marcadores mais importantes para predicdo genémica, em
comparagdo a outros métodos sem selegdo prévia de marcadores.

Termos para indexag¢do: Oryza sativa, inferéncia bayesiana, melhoramento
genético, selegdo genodmica.
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Introduction

Rice (Oryza sativa L.) is one of the most produced
and consumed cereals worldwide, serving as the
primary food source for over half of the world’s
population (Mohidem etal., 2022). Due to its
importance, studies aiming at its genetic breeding
are necessary, considering the possible enhancement
of both the productivity and quality of the crop (Silva
Junior et al., 2022).

The breeding process may be accelerated by the
application of genome wide selection, which was
developed by Meuwissen et al. (2001). This technique
uses information from molecular markers to predict
the genomic estimated breeding values of individuals,
but requires linkage disequilibrium between the
marker and quantitative trait loci (QTL) according to
Xu et al. (2021).

Various methods for genomic prediction have been
proposed over the years, including Bayesian methods
such as BayesA, proposed by Meuwissen et al. (2001),
and BayesDm, by Habier et al. (2011). BayesA computes
the effects of all markers, considering that each one
can explain a specific proportion of genetic variance,
whereas BayesDr selects a random quantity of markers
based on a mixture distribution. By using the mixture
distribution, the selected markers will have non-zero
effects for model adjustment at each interaction. This
allows of calculating the posterior inclusion probability
(PIP) of each marker in the model, which enables the
selection of the most relevant markers, contributing
to genetic variance and the predictive ability of the
prediction model.

Other authors, such as Dai et al. (2022) and Wang
etal. (2020), have also addressed the term PIP, but
in the contexts of genomic association or using other
Bayesian prediction methods, such as Bayesian
variable selection regression and stepwise Bayesian
iterative selection. In other studies, Bishara & Hittner
(2017) employed PIP to compare the accuracy of
various confidence intervals for non-normal data,
while Mollandin et al. (2021) used PIP to examine
the effectiveness of QTL mapping in genomic data
simulated from real data. In the prediction context,
breeding programs targeting specific traits could
consider PIP to customize marker chips for genotyping
individuals, as performed by Liu et al. (2021).

In genomic selection analyses across various
crops, prediction ability may be improved by the
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use of marker subsets (Sousa et al., 2019; Liu etal.,
2021; Marquez et al., 2024). In this line, low-density
marker panels have been investigated over the years
to reduce genotyping costs, dimensional complexity,
and computational demands, especially for public
institutions and small breeding programs aiming
to implement genomic selection. According to the
obtained results, in the short term, low-density panels
achieved a higher prediction accuracy, whereas, in
the long term, high-density panels provided greater
genetic gains throughout the breeding cycles. For a
sustainable use of marker subsets, prediction models
should be retrained more frequently using small
datasets (with fewer individuals genotyped at a high
density) in order to enhance the ability of the marker
set to capture linkage disequilibrium over time.

The objective of this work was to evaluate the
performance of the combination of the BayesDrm model
for marker selection based on PIP and of BayesA in
assessing the predictive ability, heritability, and
predictive bias for a set of rice phenotypic traits.

Materials and Methods

The public dataset used in this study consists of
11 traits related to 413 rice genotypes, which were
genotyped for 44,100 single nucleotide polymorphism
(SNP) markers. The data, part of the OryzaSNP
Project and the OM AP Project (Ammiraju et al., 2006;
Zhao et al., 2011), are publicly available and can be
accessed at the Rice Diversity Project website (2025).
Markers with a call rate below 70% and a minor
allele frequency below 1% were excluded. After this
filtering process, 36,901 markers remained. The 11
traits used were: blast resistance, flag leaf length, flag
leaf width, florets per panicle, number of panicles per
plant, number of primary panicle branches, number
of seeds per panicle, panicle fertility, panicle length,
plant height, and protein content.

The Bayesian methods proposed for genomic
prediction are based on the statistical model of multiple
linear regression with k independent variables,
expressed as follows:

Yi=Bo+ BiXi + BoXip + - + BuXik T €,
i=1,-,nandj=1,..,k

where Y; represents the phenotypic value for the ith
individual, B, is the overall mean, f; is the effect of the jth
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marker on the phenotype, X represents the incidence
of the jth marker for the ith individual, €; is the random
value assigned to the ith individual following a normal
distribution N(0, 6?), n is the number of phenotypic
observations, and k is the number of markers. In this
model, the data distribution and the prior distribution of
the residual variance component are defined as follows:

yiNN(BO + BIXil + Binz + e+ BkXikg (52) and 02~IG(a, b)

where N is the normal distribution, o? is the residual
variance, and IG is the inverse gamma distribution
for which and are hyperparameters, defined based on
Azevedo et al. (2022a).

The Bayesian methods applied to genome wide
selection use different prior distributions for regression
coefficients. In the case of BayesA, proposed by
Meuwissen et al. (2001), the prior distributions can be
defined as:

B, ~N(0,05) and o ~1G(a;,b,)

where f; is the effect of the jth marker on the phenotype,
o%; is the genetic variance associated with the effect of
the jth marker, and a; and b; are the hyperparameters
of the inverse gamma distribution, also defined based
on Azevedo etal. (2022a). That method induces
heterogeneous shrinkage on marker effects, causing
their values only to approach but never to become
exactly zero (Meuwissen et al., 2001). It also includes
the effects (whether small or large) of all markers in the
model and even markers not in linkage disequilibrium
with any QTL, which are the majority for a specific trait
(Simedo et al., 2021).

The BayesDn method, at each iteration, assumes that
a fraction of markers have effects following a normal
distribution with mean zero and specific variance,
similar to the BayesA method. However, the remaining
markers 1-m have their effects nullified (Habier et al.,
2011), resulting in a reduction in the number of marker
effects to be estimated in the iterations, which may
increase the precision in model fitting (Marquez
et al., 2024). For the fraction  of markers, a uniform
distribution with hyperparameters 0 and 1 is assumed.
The prior distributions are defined as follows:

7~ (0,1),, ~ 7N(0,6%) + (1 - m)N(0,0) and

Géj ~1G(a;,b;)

where f; is the effect of the jth marker on the phenotype,
o’ is the genetic variance associated with the effect
of the jth marker, is a degenerate distribution centered
at zero, and a; and b; are the hyperparameters of the
inverse gamma distribution.

A total of 300,000 iterations were used in the
Markov chain Monte Carlo algorithm, but 50,000 were
discarded (burn-in) for chain warm-up. To decrease the
correlations between iterations, thinning was adopted
by selecting one observation for every ten iterations.
Geweke (1992) and Raftery & Lewis (1992) were used
for the convergence analysis.

At the conclusion of the BayesDn method, using
the marker-effect chains, the PIP of each marker was
estimated as the ratio between the number of iterations
in which the marker had a non-zero effect and the
total number of iterations. After calculating all PIPs,
groups of SNP markers with the highest probabilities
were selected for evaluation using the BayesA method.
These groups were formed by N markers, ranging from
2,000 to 36,901, with an increase of 2,000 markers
each time.

The BayesA, BayesDn, and the combination of the
BayesA and BayesDm methods with PIP selection
criteria (proposed method) were performed under
a ten-fold cross-validation procedure to evaluate
the following metrics: predictive ability, which is
Pearson’s correlation between the phenotypic and
predicted values of the three methods; prediction bias,
evaluated by the regression coefficient between the
phenotypic and predicted values, considered not biased
or underestimated/overestimated when the coefficient
is 1 or higher/lower than 1, respectively; and the 95%
confidence interval of the regression coefficients, to
determine if their values are statistically different
from 1.

The heritability of the trait estimated for each

method was also calculated as the posterior mean of
2(t)

a2 h h2® h
where 1s the
Gz(t) +02(1) ’

heritability in the tth iteration of the Markov chain

the following values:

Monte Carlo; 6,20 is the additive genetic variance in

200 _
=

the tth iteration, o 12p;(1-p)B7"”, where p;
is the allelic frequency of the jth marker and B is
the effect of the jth marker; and ¢.?® is the residual

variance in the tth iteration.
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Results and Discussion

Markers with a lower inclusion were more frequent
than those with a higher inclusion, indicating a right-
skewed distribution for PIP. Additionally, more markers
had effects close to zero, which may suggest a more
oligogenic nature of the PIP distribution (Figure 1).

Considering markers with PIP values higher
than 0.5 as relevant for the trait, resistance to blast
disease exhibited a greater variation in PIP values
and fewer markers with a high PIP, also displaying
a right-skewed distribution. Moreover, there was a
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large number of markers with an effect close to zero
and fewer with negative effects, further supporting a
right-skewed distribution and suggesting that this trait
may be oligogenic in nature. Although this finding
is consistent with those of Li etal. (2019), further
investigations are needed.

The BayesDm and BayesA methods presented
similar metrics, while the proposed method in which
both were combined showed improvements in terms
of heritability, predictive ability, and predictive bias
(Figure 2). The traits flag leaf length, number of seeds
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Figure 1. Histograms showing posterior inclusion probability (in purple) and effects (in blue) of molecular markers for
each of the following rice (Oryza sativa) traits: blast resistance (BR), flag leaf length (FLL), flag leaf width (FLW), florets
per panicle (FPP), number of primary panicle branches (NPPB), number of panicles per plant (NPPP), number of seeds per
panicle (NSPP), protein content (PC), panicle fertility (PF), plant height (PH), and panicle length (PL).
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Figure 2. Graphs showing: mean predictive ability and standard deviation bars (A), confidence interval of the regression
coefficient between predicted and observed phenotypic values (B), and posterior mean of heritability of the studied rice
(Oryza sativa) traits (C). BR, blast resistance; FLL, flag leaf length; FLW, flag leaf width; FPP, florets per panicle; NPPB,
number of primary panicle branches; NPPP, number of panicles per plant; NSP, number of seeds per panicle; PC, protein
content; PF, panicle fertility; PH, plant height; and PL, panicle length. The horizontal red line represents the regression
coefficient equal to 1. A, BayesA method; A+ PIP, the combination of the BayesA and BayesDn methods with PIP selection
criteria; and Dpi, BayesDn method.
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per panicle, number of primary panicle branches,
panicle fertility, and protein content exhibited a higher
predictive ability (Figure 2 A), a lower prediction
bias (Figure 2 B), and a higher heritability (Figure 2
C) than those tested in each isolated method. These
results are in agreement with those reported by Huang
etal. (2019), who evaluated the accuracy of seven
models for marker resistance to blast disease. He et al.
(2022) concluded that, since there are currently no
comprehensive control measures, cultivating resistant
varieties remains the most effective strategy to combat
the disease, a major threat to crop production, with
potential to compromise up to 50% of total yield.

The traits number of panicles per plant, number
of primary panicle branches, number of seeds per
panicle, plant height, and panicle length showed
less variation in PIP and a Gaussian distribution for
marker effects (Figure 1), which suggests they may
be more polygenic in nature. This observation is in
alignment with association studies such as that of

Suela et al. (2022). Among the analyzed traits, protein
content, number of seeds per panicle, and number of
primary panicle branches exhibited the highest gains
in predictive ability (0.23, 0.21, and 0.18, respectively)
and heritability (0.15, 0.16, and 0.19, respectively), as
indicated in Table 1. Theuse of PIP appears particularly
relevant for number of seeds per panicle and protein
content, which stood out among the top three traits
with the most significant improvements.

In the BayesA prediction model, marker groups
ranged from 2,000 to 36,000, increasing in increments
of 2,000 (Figure 3). The markers were selected based
on the highest PIP in the model, along with the posterior
mean heritability of the rice traits and prediction bias.
In this case, the selection process is expected to be
more effective since adjusting a prediction model with
a smaller number of markers increases its predictive
ability (Sousa et al., 2019; Liu et al., 2021). In fact, there
was an increase in predictive ability and heritability

Table 1. Descriptive summary of predictive ability (r) and heritability (h?) across groups of markers selected for rice
(Oryza sativa) traits, ranging from 2,000 to 36,000, increasing in increments of 2,000.

Trait® Group Predictive ability (r) Heritability (h?)

Min Mean Max SD Min Mean Max SD
BR All 0.67 0.76 0.76 0.06 0.67 0.77 0.77 0.06
FLL All 0.50 0.69 0.69 0.12 0.61 0.75 0.75 0.08
FLW All 0.73 0.81 0.81 0.05 0.69 0.79 0.79 0.06
FPP All 0.66 0.79 0.79 0.08 0.69 0.82 0.82 0.07
NPPB All 0.62 0.72 0.72 0.07 0.58 0.71 0.71 0.08
NPPP All 0.78 0.84 0.84 0.04 0.75 0.81 0.81 0.04
NSPP All 0.57 0.70 0.70 0.09 0.57 0.72 0.72 0.09
PC All 0.46 0.61 0.61 0.09 0.52 0.68 0.68 0.09
PF All 0.52 0.70 0.70 0.11 0.61 0.77 0.77 0.08
PH All 0.73 0.83 0.83 0.06 0.78 0.85 0.85 0.04
PL All 0.63 0.77 0.77 0.07 0.69 0.79 0.79 0.06
BR 2,000 0.93 0.91
FLL 2,000 0.86 0.86
FLW 2,000 0.89 0.88
FPP 2,000 0.87 0.88
NPPB 2,000 0.90 0.90
NPPP 2,000 0.90 0.88
NSPP 2,000 0.91 0.88
PC 2,000 0.84 0.83
PF 2,000 0.84 0.84
PH 2,000 0.87 0.86
PL 2,000 0.79 0.81

(UBR, blast resistance; FLL, flag leaf length; FLW, flag leaf width; FPP, florets per panicle; NPPB, number of primary panicle branches; NPPP, number
of panicles per plant; NSPP, number of seeds per panicle; PC, protein content; PF, panicle fertility; PH, plant height; and PL, panicle length.
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when using the 2,000 most important markers for each
trait (Table 1).

Across all groups of markers and traits, predictive
values ranged from 0.46 to 0.84 and heritabilities from
0.52 to 0.85 (Table 1). For the group of the 2,000 most
important markers, predictive ability and heritability
were high, ranging from 0.84 to 0.93 and from 0.83
to 0.91, respectively; the exception was panicle length,
which showed a predictive ability of 0.79 and a
heritability of 0.81.

(A) Predictive Ability
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As the number of less important markers increased,
predictive ability and heritability gradually decreased.
The decrease in the predictive ability of the model and
in average heritability was the greatest for the traits
flag leaf length, panicle fertility, and protein content,
but the smallest for flag leaf width, number of panicles
per plant, and plant height. A decrease in predictive
ability was also observed by Sousa et al. (2019) for a
few rice traits when using the mixed models methods
and by Marquez etal. (2024) for sweet corn (Zea

(B) Heritability
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Figure 3. Graphs showing: the predictive ability of the BayesA prediction model using groups of markers ranging from
2,000 to 36,000, increasing by increments of 2,000, selected based on highest posterior inclusion probabilities in the model
(A); and posterior mean of heritability of the studied rice (Oryza sativa) traits (B). BR, blast resistance; FLL, flag leaf length;
FLW, flag leaf width; FPP, florets per panicle; NPPB, number of primary panicle branches; NPPP, number of panicles per
plant; NSPP, number of seeds per panicle; PC, protein content; PF, panicle fertility; PH, plant height; and PL, panicle length.
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mays L.). Wray et al. (2013) noted that, as irrelevant or
redundant markers with a small effect are included to
predict the trait of interest, the theoretical predictive
ability decreases.

According to Azevedo etal. (2022b), assuming
some marker effects equal to zero leads to a more
favorable statistical condition, meaning that the lower
the number of marker effects to be estimated, the more
accurate the estimation process considering the same
number of observations. In the present study, as the
number of markers was reduced, the metrics increased
gradually (Figure 3). In addition, the use of a smaller
number of more important markers (2,000 for each trait
under study) resulted in a better predictive ability and
in higher heritability estimates (Table 1). Therefore,
focusing on more relevant markers possibly allows
for better predictions, which aligns with the concept
discussed by Azevedo et al. (2022b).

In relation to heritabilities, high estimates are more
stable and accurate when using a reduced set of more
relevant markers that better capture genetic variation.
De los Campos etal. (2015) concluded that, if all
causal variants are in the marker subset, there should
be no missing heritability. In this line, Porto-Neto et al.
(2015) observed that the missing heritability can be
largely recovered using an accurately selected subset
of markers, with different marker allele frequencies
between individuals. Sousa et al. (2019) added that the
increase in the number of SNPs can cause changes in
genetic and residual variances and, consequently, in
heritability estimates.

The BayesDn and BayesA methods showed similar
heritabilities, whereas the proposed method consistently
showed a higher estimate (Figure 2 C). According to
Jilo et al. (2018), heritability values ranging from 0.30
to 0.60 are considered of moderate magnitude, while
those above 0.60 are of high magnitude. Therefore,
in the present study, the heritabilities ranged from
moderate to high magnitude, varying from 0.51 to
0.76 for the BayesA method, from 0.51 to 0.77 for
the BayesDn method, and from 0.77 to 0.80 for the
combination of both methods. This shows the superior
performance of the proposed method in capturing the
genetic variance of the studied traits.

The estimated heritabilities were also comparable
to those found by Guo etal. (2014), who used the
G-BLUP method to adjust the prediction model for
the same dataset. Compared with the results of Wang
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et al. (2017), who applied G-BLUP to rice data from
Wuhan University, a higher heritability was obtained
for plant height in the present work, but a slightly
higher predictive ability and slightly lower heritability
for panicle length. This balance between predictive
ability and heritability highlights the robustness of the
proposed method in adapting to different traits while
maintaining a high precision.

Regarding prediction bias, none of the traits presented
a confidence interval for the regression coefficient
between predicted and observed phenotypic values
that included 1 (Figure 2 B). It should be noted that the
forecasts were systematically underestimated since all
intervals had a lower bound greater than 1. Similarly,
Sousa et al. (2019) also reported bias in the predictions
across different marker subsets. However, the method
proposed here led to less biased predictions for most of
the evaluated traits, with smaller confidence intervals
for the regression coefficients, providing more precise
estimates of the genetic breeding values, which is of
extreme importance for selection efficiency (Bishara
& Hittner, 2017).

For predicted genetic values, Costa etal. (2022)
observed both over- and underestimation when
using the same dataset to compare the efficiency of
some prediction methods, including Bayesian Lasso,
methods based on mixed models, and dimensionality
reduction techniques. Compared with these methods,
the approach proposed in the present work not only
minimized bias but also provided more consistent and
reliable estimates across traits.

Conclusions

1. The combination of the BayesDm and BayesA
methods proposed for genomic prediction shows a
higher predictive ability than the isolated methods
without prior marker selection, as well as a lower
prediction bias in the selection of the most important
markers based on posterior inclusion probability (PIP).

2. The use of PIP to select more important markers
contributes to gains in heritability, enabling the capture
of a greater proportion of genetic variance.

3. Dimensionality reduction results in a lower
prediction bias, enhancing the reliability of the
obtained estimates.
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