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Abstract: Genome-Wide Association Studies (GWAS) aim to identify associations between quantitative trait loci
(OTL) and phenotypes. These studies are of great interest to genetic breeding programs as they enable the
identification of markers associated with agronomically important traits. Commonly used GWAS methods
include the Mixed Linear Model (MLM), Compressed MLM (CMLM), General Linear Model (GLM), Settlement
of MLM Under Progressively Exclusive Relationship (SUPER), Multiple Locus Mixed Linear Model (MLMM),
and FarmCPU. These methods differ in their theoretical foundations, leading to variations in the genomic
regions detected. This study aimed to develop two indices, one unweighted and one weighted based on the
importance of each region, to identify significant and stable genomic regions across different statistical methods
applied to GWAS. The objective was to minimize the detection of potentially false-positives regions. The analysis
was conducted on a dataset comprising 413 Asian rice (Oryza sativa) individuals genotyped with 36,901 single
nucleotide polymorphisms (SNPs). A total of 11 phenotypic traits were evaluated, and the six aforementioned
methods were compared. Among the analyzed traits, four stood out for exhibiting a higher number of significant
genomic regions detected by multiple methods. The SUPER and GLM methods proved to be the most effective in
idntifying genomic associations. The proposed indices identified genomic regions previously described in the
literature, associated with traits such as blast resistance, fertility, and plant height. The weighted index
demonstrated greater sensitivity in detecting significant genomic regions due to its differentiated weighting,
which prioritized the most important regions.

Keywords: genotyping; molecular markers, genetic breeding.

Introduction

Advances in biotechnology, especially in the development and application of
molecular markers such as Single Nucleotide Polymorphisms (SNPs), have enabled the
identification of individuals based on their genetic variations, driving Genome-Wide
Association Studies (GWAS) (TIBBS CORTES; ZHANG; YU, 2021). GWAS aims to
identify associations between Quantitative Trait Loci (QTL) and genetic values associated
with traits of interest. In practice, these associations are established between SNPs and
phenotypes based on the assumption of Linkage Disequilibrium (LD) between markers and
QTLs. This approach provides detailed insights into genomic regions that directly influence
target traits and is, therefore, of great interest to genetic breeding programs.

In the context of genetic breeding, GWAS stands out as an essential tool for
understanding the genetic architecture of complex traits, enabling the identification of
associated genes (gene mining) and the comprehension of the molecular mechanisms that
control these traits. Additionally, GWAS facilitates the application of marker-assisted
selection (MAS), which uses molecular markers to efficiently identify and select individuals
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with higher genetic potential at a lower cost compared to genomic prediction (BOOPATHI,
2020).

Several statistical approaches have been proposed for GWAS, with mixed linear
model (MLM)-based methods standing out due to their ability to control factors that can lead
to false positives in analyses, such as population structure and familial relatedness. This is
because individuals within the same population often share large genomic blocks due to
common ancestry (ZHANG et al., 2010). The General Linear Model (GLM) is the simplest
GWAS method, incorporating population structure correction without including random
effects in the model. On the other hand, widely used mixed-model-based methods include the
Mixed Linear Model (MLM), Compressed MLM (CMLM), Settlement of MLM Under
Progressively Exclusive Relationship (SUPER), Multiple Locus Mixed Linear Model
(MLMM), and FarmCPU.

Each of these methods presents theoretical distinctions and different approaches to
correcting population structure and relatedness, consequently influencing the control of false
positives and computational time (TIBBS CORTES; ZHANG; YU, 2021). As a result,
variations occur in the genomic regions detected. These methods have been applied to various
phenotypic traits and crops, such as grain yield and traits in Indian mustard (AKHATAR;
BANGA, 2015), salt tolerance in soybean germplasm lines (ZENG et al., 2017), yield-related
traits in wheat (MALIK et al., 2021), chlorophyll content in maize (XIONG et al., 2023),
genetic mechanisms regulating panicle architecture in rice (ZHONG et al., 2021), and milk
production in French dairy cattle breeds (TEISSIER et al., 2018).

The different genomic regions detected by distinct statistical methodologies can

complicate the selection of genomic regions to be used in breeding programs. Consequently,
there is a need to develop procedures that facilitate decision-making for breeders. In this
context, inspired by selection indices developed for choosing genetically superior individuals
(HAZEL, 1943; SMITH, 1936), an index for selecting genomic regions has been proposed.
This index aims to identify significant and stable genomic regions, reducing effort, time, and
resources in analyses that could lead to false positives while prioritizing those that truly
deserve further investigation.
The present study used a dataset consisting of 413 Asian rice (Oryza sativa) individuals,
genotyped for 36,901 SNP markers. Eleven phenotypic traits related to productivity,
morphology, grain quality, and disease resistance were evaluated to assess the proposed
selection indices.

Materials and Methods
Data

The dataset used in this research consists to 413 individuals of Asian rice (Oryza
sativa), genotyped for 36,901 SNP markers. The data are publicly available as part of the
OryzaSNP Project and the OMAP Project (AMMIRAJU et al., 2006; ZHAO et al., 2011) and
can be accessed at https://ricediversity.org/data/. Quality control of the markers was
performed by excluding those with a call rate lower than 70% and a minor allele frequency
below 1%.

The experiments were conducted in Arkansas, United States, from May to fall in 2006
and 2007. Each experiment included two replications per year, arranged in a randomized
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complete block design. Each plot consisted of rows 5 meters long, with a spacing of 25 cm
between plants and 50 cm between rows (ZHAO et al., 2011).

The evaluated phenotypic traits were related to productivity, morphology, grain
quality, and disease resistance. These included flag leaf dimensions (length and width),
number of flowers and seeds per panicle, panicle fertility and length, number of panicles per
plant, plant height, number of primary branches on the panicle, protein content, and blast
resistance.

Six statistical methods were evaluated: the Mixed Linear Model (MLM), Compressed
MLM (CMLM), General Linear Model (GLM), Settlement of MLM Under Progressively
Exclusive Relationship (SUPER), Multiple Locus Mixed Linear Model (MLMM), and
FarmCPU, all implemented using the GAPIT package in R (WANG; ZHANG, 2021). These
methods were selected based on their theoretical differences and specific modeling
approaches to control the false positive rate and improve accuracy in detecting significant
genomic regions.

GLM and MLM are widely used as they account for population structure, reducing the
false positive rate (PRICE et al., 2006). CMLM optimizes MLM by grouping similar
individuals, thereby reducing computational effort (ZHANG et al., 2010). MLMM facilitates
the mapping of complex traits controlled by multiple genetic loci (KALER et al., 2020).
SUPER selects a subset of markers to define the genomic relationship matrix, increasing
statistical power (WANG et al., 2014). FarmCPU separates fixed and random effects in the
model, enhancing the control of confounding factors between test markers and kinship, thus
enhancing computational efficiency (LIU et al., 2016).

Methods used for GWAS analysis

General Linear Model

The General Linear Model (GLM) is a regression approach applied to individual
markers, incorporating corrections for population structure by extracting the genomic
relationship matrix and the first principal components to reduce spurious associations (PRICE
et al., 2006). It is defined as:

y=1p+Qq+M ,m+e

where y is the vector of phenotypic observations, 1 is the vector whose elements are all equal
to 1, p is the overall mean, g is the vector containing the first q principal components of the
genomic relationship matrix (K), obtained as proposed by Vanraden (2008), and m; is the
fixed effect of the i-th marker. Q and M are the incidence matrices of their respective effects.
The random error term follows a normal distribution: e N(0,I¢?), where T is the identity

matrix and ai is the residual variance.

Mixed Linear Model

The Mixed Linear Model (MLM) is a regression approach applied to individual
markers, incorporating corrections for population structure by extracting the first principal
components of the genomic relationship matrix, reducing spurious associations (PRICE et al.,
2006). Additionally, random polygenic effects are included to account for kinship differences
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between individuals, further reducing the occurrence of false positives (YU et al., 2006). This
model is defined by:

y=1p+Qq+Zu+M ,m;+e

where y is the vector of phenotypic observations, 1 is the vector whose elements are all equal
to 1, p is the overall mean, q is the vector containing the first q principal components of the
genomic relationship matrix (K), u is the vector of polygenic effects, and m; is the fixed effect
of the i-th marker. Q, M;and Z are the incidence matrices of their respective effects. The
probability distributions of the random effects are given by: uN(0,Ko>) and e N(0,I02),
where [ is the identity matrix, K is the genomic relationship matrix, ai is the variance of the

polygenic effects and ¢? is the residual variance.

Compressed MLM

The Compressed Mixed Linear Model (CMLM) was developed to prevent the double
counting of relationship information in the MLM, which is accounted for both in the principal
components and in the polygenic effects (LI et al., 2014). In this method, a clustering analysis
is performed using the genomic relationship matrix as a measure of similarity, applaying the
Unweighted Pair Group Method with Arithmetic Mean (UPGMA) algorithm to group similar
individuals. Once individuals are assigned to groups, summary statistics of the relationship
between and within groups are used to construct a reduced relationship matrix. This procedure
is repeated for different compression levels, generating a reduced relationship matrix (K,,4ida

).

Multiple Locus Mixed Linear

The Multiple Locus Mixed Linear Model (MLMM) combines MLM regression with
an interactive stepwise selection process (forward-backward) (SEGURA et al., 2012). This
approach enables the identification of multiple genetic loci by incorporating the effects of
associated markers as covariates in the model, helping to control false positives.

SUPER

The SUPER method (Settlement of MLM Under Progressively Exclusive
Relationship) was developed to enhance the detection of significant genomic regions, control
the false positive rate, and reduce p-value inflation (KALER et al., 2020). In this method, the
genome is divided into segments of equal size, with each segment represented by the most
significant marker within it. Additionally, the size and number of selected segments are
estimated using the maximum likelihood method in a random model, where the relationship
matrix is derived from these segments. SUPER constructs a relationship matrix using only the
associated markers while excluding those in strong linkage disequilibrium (LD) with the
tested markers.
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FarmCPU

The FarmCPU model (Fixed and Random Model Circulating Probability Unification)
(LIU et al., 2016), developed based on the MLMM method, is an approach that optimizes the
selection of associated markers, known as pseudo-quantitative trait nucleotides (pseudo-
QTNs), and uses them as covariates to reduce confounding between test markers and those
assumed as covariates. The method operates in two main stages: 1) Fixed Effect Model
(FEM): Each marker is tested individually while incorporating previously identified
associated markers as covariates, helping to control false positives. ii)) Random Effect Model
(REM): The effects of the markers are estimated, and these estimates are used to define the
relationship matrix. These stages are executed iteratively, allowing the progressive refinement
of associated markers and improving the accuracy of the analyses throughout the process.

Selection Index

The index I is inspired by selection indices developed for identifying genetically
superior individuals (HAZEL, 1943; SMITH, 1936) and is expressed as a linear combination
of the statistical methods applied in the GWAS analysis, as described by:

Ij=b1jm1j+b2jm2j+b3jm3j+b4jm4j+b5jm5j+b6jm6j

where I; is the index value for the j-th marker (j=1,...,36.901), b; are the weighting
coefficients of the i-th marker and j-th method (i=1,...,6), and m; is an indicator variable
defined as:

L,if SN P;was detected by method j
0,if SN P;was not detected by method j

ij

Two selection indices for genomic regions were created. The first index assigned
equal weights (b;=1), considering only the frequency of detection of the regions. In the
second index, weights were assigned to reflect the importance of each region, defined as:

_ —log (p-value,)

6
Y log (p-value;)

i=1

b

ij

where p —value;; is the p-value associated with the i-th method and j-th marker.

Genomic regions were defined across the 12 chromosomes, each with a size of 0.69
Mb, as evaluated by Suela et al. (2022).
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Results and Discussion

When comparing the performance of the methods, GLM and SUPER identified the
highest number of associations, while MLM and CMLM detected fewer (Figure 1). High
linkage disequilibrium (LD) in a given genomic region can result in inflated estimates of SNP
effects (TRYNKA et al., 2015). As a result, SNPs may be erroneously identified as associated
with a phenotype even in the absence of a true causal relationship. This occurs because the
SNPs may be in proximity to a QTL (Quantitative Trait Locus), but the observed association
arises from the correlation between markers rather than direct causation. According to Suela
et al. (2022), the average LD for markers within a 0.69 Mb region is approximately 0.20 in
this genomic dataset.

For example, for the traits plant height and number of flowers per panicle, a high
detection of genomic regions was observed on chromosomes 1 and 3, respectively, using the
GLM and SUPER methods. Another biological factor contributing to a high rate of false
positives is population heterogeneity, which arises from population structure and relatedness
among individuals (HALDAR; GHOSH, 2012). Genetic differences between subgroups
within a population can lead to spurious associations, where the observed associations are
caused by population variation rather than a true relationship between the SNP and the
phenotypic trait. While the GLM corrects only for population structure, the SUPER method
eliminates markers with high LD, which may still be insufficient to fully minimize false
positives.

Among the phenotypic traits analyzed, four stood out for having a larger number of
significant genomic regions. In particular, a region on chromosome 4, associated with blast
resistance, was identified by all methods, as illustrated in Figure 1.

Figures 2 and 3 illustrate the intensity of the indices for each genomic region using a
color scale. The color of each region reflects its relevance according to each index, with red
indicating the regions that breeders should prioritize. When comparing the color/intensity
patterns of the indices, variations across traits were observed. For blast resistance and the
number of flowers per panicle, only one region appeared in red in both indices, located in the
initial portions of chromosomes 4 and 7, respectively. However, for panicle fertility, the
highlighted red regions diverged. In the unweighted index, these regions were identified on
chromosomes 7 and 12, while in the weighted index, they were located on chromosomes 5
and 11.

It is important to note that the detection of a genomic region by statistical methods
does not necessarily indicate its importance for the genetic variation of the trait. The p-value,
widely used in the literature (ESPOSITO et al., 2023; SU et al., 2014), serve as a key
indicator of marker relevance for phenotypic variation. Markers identified through GWAS,
representing potential QTLs, can be effectively utilized in marker-assisted selection only if
they explain a significant proportion of the trait's genetic variation (O’CONNOR et al., 2020).
In such cases, individuals can be discriminated and categorized into selected and non-selected
groups based on their allele dosages.
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Figure 1: SNP density, represented on a scale from high (red) to low (blue), with geometric
shapes indicating significant genomic regions detected by each method.

PLANT HEIGHT BLAST RESISTANCE

] e |

Low High

= FarmCPU

® SUPER

A GLM
MLMM

O B8 b0 HEED
e 08
e daas oo il g

> b SO PO
o
L
o> oo omm
ey 8B OREder S0aRR)
©0 G300 60 O ) @ MO8
>0 8 Fren-S-S0-000 &
rENS
L1 [ ]]
[ 4

[ 2 1 3

FLOWERS PER PANICLE PANICLE FERTILITY

I
Low th
W FarmCPU
® SUPER
A GLM
A
A
i A
® A
= A
A
b ; "
I .
L]
5 & ¢ e 10 +

Source: from the authors (2025).

-

Low

>

e »r> e em °
IS
L] [_J -e
b
-0 o008 1
[ 443 e R GRRR-
[T
> HE®
L1 d L] [ 2=
e | |
e r

L dd d
[ 4 d

a

or
or or

The indices applied in this study identified highly relevant genomic regions (marked
in red), which had been previously reported in the literature. Traits for which already
cataloged regions were detected using the unweighted index (Figure 2) included resistance to
blast, fertility, and plant height. The weighted index (Figure 3), in turn, identified a higher
number of highly relevant genomic regions associated with these same traits.

For blast resistance, significant regions were observed on chromosomes 4 and 12
(FUKUOKA; OKUNO, 2001; WANG et al., 1994), with the latter region showing greater
relevance only in the weighted index. Notably, blast resistance is one of the most critical traits
due to the substantial impact of this disease on productivity.
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Regarding plant height, associations were observed on chromosomes 1 and 6, with
greater relevance detected exclusively in the weighted index. These regions had been
previously described by Marri et al. (2005) and Mei et al. (2003), emphasizing the importance
of this phenotype in rice yield (ZHANG et al., 2017).

For fertility, high intensity regions were mapped on chromosomes 5, 8, and 11. On
chromosome 5, relevance was detected only in the weighted index, as was the case for
chromosome 11. These regions had been previously reported by He Yu-Qing (2000) and Mei
et al. (2003).

Conversely, none of the methodologies employed in this study were able to identify
stable and highly relevant regions associated with the number of flowers per panicle.

This study introduced indices that enabled the identification of significant and stable
genomic regions based on the different methods evaluated. The indices were weighted
according to the p-values of marker effects on the phenotype, following the rationale that
these values reflect the importance of each marker for the trait. However, future studies could
explore alternative weighting methods, such as the coefficient of determination, genetic
variance attributed to the region, or the effect size of the region on the phenotype.

The stability considered here pertains to the statistical methods and the underlying
theories. However, genetic stability is another crucial factor. To expand our understanding of
genome-wide association, future studies should not be limited to a single generation or a
single year of evaluation. Genetic variations specific to different populations can directly
influencing the significant genomic regions detected, which may fluctuate due to genetic
structure and environmental factors (WOJCIK et al., 2019). A more comprehensive analysis
would require applying these indices to diverse populations to assess whether important
genomic regions remain stable across both statistical methods and genetics contexts.
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Figure 2: Index intensity without weighing each genomic region across the 12 chromosomes,
considering a 0.69 Mb window size, displayed on a scale from high (red) to low (blue).
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Figure 3: Index intensity weighted for each genomic region across the 12 chromosomes,
considering a 0.69 Mb window size, displayed on a scale from high (red) to low (blue).
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Conclusions

This research highlights the importance of using multiple statistical methods in
association studies to more efficiently identify potential significant regions while reducing
efforts on false positives. The indices, with and without weighting, present distinct patterns
regarding the relevance of genomic regions. However, weighting the regions in the index is
recommended to indicate that a given region explains a reasonable proportion of the genetic
variation of the traits.

Overall, the creation of these indices provided better visualization of potential
associated genomic regions, with the weighted index demonstrating greater sensitivity in
detecting significant regions due to the different weights assigned, emphasizing the most
relevant regions. These findings offer valuable insights that can be explored in future research
and applied in breeding programs to facilitate the identification of individuals with desirable
traits.

Future studies should evaluate alternative weighting approaches and apply these
indices across different generations of a breeding program to assess the stability of genomic
regions over time, contributing to a deeper understanding of the genetic architecture of these
traits.
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	Index for identifying relevant and stable genomic regions in analysis with multiple genomic association methods
	Abstract: Genome-Wide Association Studies (GWAS) aim to identify associations between quantitative trait loci (QTL) and phenotypes. These studies are of great interest to genetic breeding programs as they enable the identification of markers associated with agronomically important traits. Commonly used GWAS methods include the Mixed Linear Model (MLM), Compressed MLM (CMLM), General Linear Model (GLM), Settlement of MLM Under Progressively Exclusive Relationship (SUPER), Multiple Locus Mixed Linear Model (MLMM), and FarmCPU. These methods differ in their theoretical foundations, leading to variations in the genomic regions detected. This study aimed to develop two indices, one unweighted and one weighted based on the importance of each region, to identify significant and stable genomic regions across different statistical methods applied to GWAS. The objective was to minimize the detection of potentially false-positives regions. The analysis was conducted on a dataset comprising 413 Asian rice (Oryza sativa) individuals genotyped with 36,901 single nucleotide polymorphisms (SNPs). A total of 11 phenotypic traits were evaluated, and the six aforementioned methods were compared. Among the analyzed traits, four stood out for exhibiting a higher number of significant genomic regions detected by multiple methods. The SUPER and GLM methods proved to be the most effective in idntifying genomic associations. The proposed indices identified genomic regions previously described in the literature, associated with traits such as blast resistance, fertility, and plant height. The weighted index demonstrated greater sensitivity in detecting significant genomic regions due to its differentiated weighting, which prioritized the most important regions.
	Keywords: genotyping; molecular markers; genetic breeding.
	Introduction
	Advances in biotechnology, especially in the development and application of molecular markers such as Single Nucleotide Polymorphisms (SNPs), have enabled the identification of individuals based on their genetic variations, driving Genome-Wide Association Studies (GWAS) (TIBBS CORTES; ZHANG; YU, 2021). GWAS aims to identify associations between Quantitative Trait Loci (QTL) and genetic values associated with traits of interest. In practice, these associations are established between SNPs and phenotypes based on the assumption of Linkage Disequilibrium (LD) between markers and QTLs. This approach provides detailed insights into genomic regions that directly influence target traits and is, therefore, of great interest to genetic breeding programs.
	In the context of genetic breeding, GWAS stands out as an essential tool for understanding the genetic architecture of complex traits, enabling the identification of associated genes (gene mining) and the comprehension of the molecular mechanisms that control these traits. Additionally, GWAS facilitates the application of marker-assisted selection (MAS), which uses molecular markers to efficiently identify and select individuals
	with higher genetic potential at a lower cost compared to genomic prediction (BOOPATHI, 2020).
	Several statistical approaches have been proposed for GWAS, with mixed linear model (MLM)-based methods standing out due to their ability to control factors that can lead to false positives in analyses, such as population structure and familial relatedness. This is because individuals within the same population often share large genomic blocks due to common ancestry (ZHANG et al., 2010). The General Linear Model (GLM) is the simplest GWAS method, incorporating population structure correction without including random effects in the model. On the other hand, widely used mixed-model-based methods include the Mixed Linear Model (MLM), Compressed MLM (CMLM), Settlement of MLM Under Progressively Exclusive Relationship (SUPER), Multiple Locus Mixed Linear Model (MLMM), and FarmCPU.
	Each of these methods presents theoretical distinctions and different approaches to correcting population structure and relatedness, consequently influencing the control of false positives and computational time (TIBBS CORTES; ZHANG; YU, 2021). As a result, variations occur in the genomic regions detected. These methods have been applied to various phenotypic traits and crops, such as grain yield and traits in Indian mustard (AKHATAR; BANGA, 2015), salt tolerance in soybean germplasm lines (ZENG et al., 2017), yield-related traits in wheat (MALIK et al., 2021), chlorophyll content in maize (XIONG et al., 2023), genetic mechanisms regulating panicle architecture in rice (ZHONG et al., 2021), and milk production in French dairy cattle breeds (TEISSIER et al., 2018).
	The different genomic regions detected by distinct statistical methodologies can complicate the selection of genomic regions to be used in breeding programs. Consequently, there is a need to develop procedures that facilitate decision-making for breeders. In this context, inspired by selection indices developed for choosing genetically superior individuals (HAZEL, 1943; SMITH, 1936), an index for selecting genomic regions has been proposed. This index aims to identify significant and stable genomic regions, reducing effort, time, and resources in analyses that could lead to false positives while prioritizing those that truly deserve further investigation.
	The present study used a dataset consisting of 413 Asian rice (Oryza sativa) individuals, genotyped for 36,901 SNP markers. Eleven phenotypic traits related to productivity, morphology, grain quality, and disease resistance were evaluated to assess the proposed selection indices.
	
	Materials and Methods
	Data
	
	The dataset used in this research consists to 413 individuals of Asian rice (Oryza sativa), genotyped for 36,901 SNP markers. The data are publicly available as part of the OryzaSNP Project and the OMAP Project (AMMIRAJU et al., 2006; ZHAO et al., 2011) and can be accessed at https://ricediversity.org/data/. Quality control of the markers was performed by excluding those with a call rate lower than 70% and a minor allele frequency below 1%.
	The experiments were conducted in Arkansas, United States, from May to fall in 2006 and 2007. Each experiment included two replications per year, arranged in a randomized complete block design. Each plot consisted of rows 5 meters long, with a spacing of 25 cm between plants and 50 cm between rows (ZHAO et al., 2011).
	The evaluated phenotypic traits were related to productivity, morphology, grain quality, and disease resistance. These included flag leaf dimensions (length and width), number of flowers and seeds per panicle, panicle fertility and length, number of panicles per plant, plant height, number of primary branches on the panicle, protein content, and blast resistance.
	Six statistical methods were evaluated: the Mixed Linear Model (MLM), Compressed MLM (CMLM), General Linear Model (GLM), Settlement of MLM Under Progressively Exclusive Relationship (SUPER), Multiple Locus Mixed Linear Model (MLMM), and FarmCPU, all implemented using the GAPIT package in R (WANG; ZHANG, 2021). These methods were selected based on their theoretical differences and specific modeling approaches to control the false positive rate and improve accuracy in detecting significant genomic regions.
	GLM and MLM are widely used as they account for population structure, reducing the false positive rate (PRICE et al., 2006). CMLM optimizes MLM by grouping similar individuals, thereby reducing computational effort (ZHANG et al., 2010). MLMM facilitates the mapping of complex traits controlled by multiple genetic loci (KALER et al., 2020). SUPER selects a subset of markers to define the genomic relationship matrix, increasing statistical power (WANG et al., 2014). FarmCPU separates fixed and random effects in the model, enhancing the control of confounding factors between test markers and kinship, thus enhancing computational efficiency (LIU et al., 2016).
	Methods used for GWAS analysis
	General Linear Model
	The General Linear Model (GLM) is a regression approach applied to individual markers, incorporating corrections for population structure by extracting the genomic relationship matrix and the first principal components to reduce spurious associations (PRICE et al., 2006). It is defined as:
	where is the vector of phenotypic observations, is the vector whose elements are all equal to 1, is the overall mean, is the vector containing the first q principal components of the genomic relationship matrix (), obtained as proposed by Vanraden (2008), and is the fixed effect of the i-th marker. and are the incidence matrices of their respective effects. The random error term follows a normal distribution: , where is the identity matrix and is the residual variance.
	Mixed Linear Model
	The Mixed Linear Model (MLM) is a regression approach applied to individual markers, incorporating corrections for population structure by extracting the first principal components of the genomic relationship matrix, reducing spurious associations (PRICE et al., 2006). Additionally, random polygenic effects are included to account for kinship differences between individuals, further reducing the occurrence of false positives (YU et al., 2006). This model is defined by:
	where is the vector of phenotypic observations, is the vector whose elements are all equal to 1, is the overall mean, is the vector containing the first q principal components of the genomic relationship matrix (), is the vector of polygenic effects, and is the fixed effect of the i-th marker. , and are the incidence matrices of their respective effects. The probability distributions of the random effects are given by: and , where is the identity matrix, is the genomic relationship matrix, is the variance of the polygenic effects and is the residual variance.
	
	Compressed MLM
	The Compressed Mixed Linear Model (CMLM) was developed to prevent the double counting of relationship information in the MLM, which is accounted for both in the principal components and in the polygenic effects (LI et al., 2014). In this method, a clustering analysis is performed using the genomic relationship matrix as a measure of similarity, applaying the Unweighted Pair Group Method with Arithmetic Mean (UPGMA) algorithm to group similar individuals. Once individuals are assigned to groups, summary statistics of the relationship between and within groups are used to construct a reduced relationship matrix. This procedure is repeated for different compression levels, generating a reduced relationship matrix ().
	Multiple Locus Mixed Linear
	The Multiple Locus Mixed Linear Model (MLMM) combines MLM regression with an interactive stepwise selection process (forward-backward) (SEGURA et al., 2012). This approach enables the identification of multiple genetic loci by incorporating the effects of associated markers as covariates in the model, helping to control false positives.
	
	SUPER
	The SUPER method (Settlement of MLM Under Progressively Exclusive Relationship) was developed to enhance the detection of significant genomic regions, control the false positive rate, and reduce p-value inflation (KALER et al., 2020). In this method, the genome is divided into segments of equal size, with each segment represented by the most significant marker within it. Additionally, the size and number of selected segments are estimated using the maximum likelihood method in a random model, where the relationship matrix is derived from these segments. SUPER constructs a relationship matrix using only the associated markers while excluding those in strong linkage disequilibrium (LD) with the tested markers.
	
	FarmCPU
	The FarmCPU model (Fixed and Random Model Circulating Probability Unification) (LIU et al., 2016), developed based on the MLMM method, is an approach that optimizes the selection of associated markers, known as pseudo-quantitative trait nucleotides (pseudo-QTNs), and uses them as covariates to reduce confounding between test markers and those assumed as covariates. The method operates in two main stages: i) Fixed Effect Model (FEM): Each marker is tested individually while incorporating previously identified associated markers as covariates, helping to control false positives. ii) Random Effect Model (REM): The effects of the markers are estimated, and these estimates are used to define the relationship matrix. These stages are executed iteratively, allowing the progressive refinement of associated markers and improving the accuracy of the analyses throughout the process.
	Selection Index
	The index I is inspired by selection indices developed for identifying genetically superior individuals (HAZEL, 1943; SMITH, 1936) and is expressed as a linear combination of the statistical methods applied in the GWAS analysis, as described by:
	
	Results and Discussion
	When comparing the performance of the methods, GLM and SUPER identified the highest number of associations, while MLM and CMLM detected fewer (Figure 1). High linkage disequilibrium (LD) in a given genomic region can result in inflated estimates of SNP effects (TRYNKA et al., 2015). As a result, SNPs may be erroneously identified as associated with a phenotype even in the absence of a true causal relationship. This occurs because the SNPs may be in proximity to a QTL (Quantitative Trait Locus), but the observed association arises from the correlation between markers rather than direct causation. According to Suela et al. (2022), the average LD for markers within a 0.69 Mb region is approximately 0.20 in this genomic dataset.
	For example, for the traits plant height and number of flowers per panicle, a high detection of genomic regions was observed on chromosomes 1 and 3, respectively, using the GLM and SUPER methods. Another biological factor contributing to a high rate of false positives is population heterogeneity, which arises from population structure and relatedness among individuals (HALDAR; GHOSH, 2012). Genetic differences between subgroups within a population can lead to spurious associations, where the observed associations are caused by population variation rather than a true relationship between the SNP and the phenotypic trait. While the GLM corrects only for population structure, the SUPER method eliminates markers with high LD, which may still be insufficient to fully minimize false positives.
	Among the phenotypic traits analyzed, four stood out for having a larger number of significant genomic regions. In particular, a region on chromosome 4, associated with blast resistance, was identified by all methods, as illustrated in Figure 1.
	Figures 2 and 3 illustrate the intensity of the indices for each genomic region using a color scale. The color of each region reflects its relevance according to each index, with red indicating the regions that breeders should prioritize. When comparing the color/intensity patterns of the indices, variations across traits were observed. For blast resistance and the number of flowers per panicle, only one region appeared in red in both indices, located in the initial portions of chromosomes 4 and 7, respectively. However, for panicle fertility, the highlighted red regions diverged. In the unweighted index, these regions were identified on chromosomes 7 and 12, while in the weighted index, they were located on chromosomes 5 and 11.
	It is important to note that the detection of a genomic region by statistical methods does not necessarily indicate its importance for the genetic variation of the trait. The p-value, widely used in the literature (ESPOSITO et al., 2023; SU et al., 2014), serve as a key indicator of marker relevance for phenotypic variation. Markers identified through GWAS, representing potential QTLs, can be effectively utilized in marker-assisted selection only if they explain a significant proportion of the trait's genetic variation (O’CONNOR et al., 2020). In such cases, individuals can be discriminated and categorized into selected and non-selected groups based on their allele dosages.
	Figure 1: SNP density, represented on a scale from high (red) to low (blue), with geometric shapes indicating significant genomic regions detected by each method.
	Source: from the authors (2025).
	The indices applied in this study identified highly relevant genomic regions (marked in red), which had been previously reported in the literature. Traits for which already cataloged regions were detected using the unweighted index (Figure 2) included resistance to blast, fertility, and plant height. The weighted index (Figure 3), in turn, identified a higher number of highly relevant genomic regions associated with these same traits.
	For blast resistance, significant regions were observed on chromosomes 4 and 12 (FUKUOKA; OKUNO, 2001; WANG et al., 1994), with the latter region showing greater relevance only in the weighted index. Notably, blast resistance is one of the most critical traits due to the substantial impact of this disease on productivity.
	Regarding plant height, associations were observed on chromosomes 1 and 6, with greater relevance detected exclusively in the weighted index. These regions had been previously described by Marri et al. (2005) and Mei et al. (2003), emphasizing the importance of this phenotype in rice yield (ZHANG et al., 2017).
	For fertility, high intensity regions were mapped on chromosomes 5, 8, and 11. On chromosome 5, relevance was detected only in the weighted index, as was the case for chromosome 11. These regions had been previously reported by He Yu-Qing (2000) and Mei et al. (2003).
	Conversely, none of the methodologies employed in this study were able to identify stable and highly relevant regions associated with the number of flowers per panicle.
	This study introduced indices that enabled the identification of significant and stable genomic regions based on the different methods evaluated. The indices were weighted according to the p-values of marker effects on the phenotype, following the rationale that these values reflect the importance of each marker for the trait. However, future studies could explore alternative weighting methods, such as the coefficient of determination, genetic variance attributed to the region, or the effect size of the region on the phenotype.
	The stability considered here pertains to the statistical methods and the underlying theories. However, genetic stability is another crucial factor. To expand our understanding of genome-wide association, future studies should not be limited to a single generation or a single year of evaluation. Genetic variations specific to different populations can directly influencing the significant genomic regions detected, which may fluctuate due to genetic structure and environmental factors (WOJCIK et al., 2019). A more comprehensive analysis would require applying these indices to diverse populations to assess whether important genomic regions remain stable across both statistical methods and genetics contexts.
	Figure 2: Index intensity without weighing each genomic region across the 12 chromosomes, considering a 0.69 Mb window size, displayed on a scale from high (red) to low (blue).
	Source: from the authors (2025).
	Figure 3: Index intensity weighted for each genomic region across the 12 chromosomes, considering a 0.69 Mb window size, displayed on a scale from high (red) to low (blue).
	Source: from the authors (2025).
	
	Conclusions
	This research highlights the importance of using multiple statistical methods in association studies to more efficiently identify potential significant regions while reducing efforts on false positives. The indices, with and without weighting, present distinct patterns regarding the relevance of genomic regions. However, weighting the regions in the index is recommended to indicate that a given region explains a reasonable proportion of the genetic variation of the traits.
	Overall, the creation of these indices provided better visualization of potential associated genomic regions, with the weighted index demonstrating greater sensitivity in detecting significant regions due to the different weights assigned, emphasizing the most relevant regions. These findings offer valuable insights that can be explored in future research and applied in breeding programs to facilitate the identification of individuals with desirable traits.
	Future studies should evaluate alternative weighting approaches and apply these indices across different generations of a breeding program to assess the stability of genomic regions over time, contributing to a deeper understanding of the genetic architecture of these traits.
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