FUNCTIONAL PLANT
BREEDING JOURNAL

Scientific Journal. ISSN 2595-9433 - D.O.l. http://dx.doi.org/10.35418/2526-4117/v7a01
Volume 7, Article n. 01, Jan/December - Received: 06/09/2024 - Accepted: 12/01/2025

Identification and analysis of SNP markers
associated with traits of interest in rice
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Abstract: The use of molecular markers to select superior individuals for
traits of interest is essential to accelerate the development of rice cultivars.
Quantitative traits are challenging to work with in marker-assisted selection,
and new methodologies must be continually evaluated. This study aimed
to identify SNP markers associated with five quantitative traits through
the Machine Learning (ML) methodology, which used genotyping (4,709
SNPs) and grain yield data from 541 accessions from Embrapa’s Rice Core
Collection evaluated in nine locations. Fifteen TagMan® hydrolysis probe-
based assays were developed from SNPs associated with key traits, and 31
rice varieties were both genotyped and phenotyped for validation. Using
simple linear regression analysis, four SNPs were significantly associated
with panicle number and grain yield, while three were linked to the percent-
age of filled grains. The application of machine learning methods, coupled
with the evaluation of selected SNPs and the development of TagMan® as-
says, provided an effective approach for identifying markers to support rou-
tine marker-assisted selection in rice breeding programs.

Keywords: Genome, molecular markers, Oryza sativa, marker assisted
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is a lower rate than that needed to
meet projected consumption de-
mand for 2050, estimated at 2.4%
per year (Ray et al., 2013). Over
time, increases in productivity gains
through selection are only possible

Introduction

Rice (Oryza sativa) has hundreds of
thousands of unique varieties stored
in genebanks worldwide, represent-
ing one of the largest collections of

genetic resources among plant spe-
cies of economic interest (Pathirana
and Carimi, 2022). The exclusive use
of elite parents in breeding has re-
sulted in an increase in annual pro-
duction of about 1% per year, which

if additional genetic variability is in-
troduced into breeding populations.
Much of the genetic diversity pres-
ent in germplasm banks has proven
to be extremely important for breed-
ing (Jamora and Ramaiah, 2022). In
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the search for better and more efficient
alternatives to develop new cultivars
that result in greater production sustain-
ability, rice lines with the best gene and
allelic combinations must be identified,
and molecular markers can monitor this
variability over generations during the
development of new cultivars.

Single nucleotide polymorphism (SNP)
markers have been widely used in ge-
netic analyses due to their wide genom-
ic distribution, increasing the ease of
access to genotyping and reducing anal-
ysis costs (Voss-Fels et al.,, 2016). DNA
sequencing and phenotyping platforms
can identify genes related to quantita-
tive traits, such as productivity, through
QTL (Quantitative Trait Loci) and GWAS
(Genome Wide Association Studies) anal-
yses (Mochida et al., 2018). Zhang et al.
(2021) resequenced 450 rice accessions
and found an average of 25 SNPs associ-
ated with each trait evaluated. This wide
availability of markers allows the devel-
opment of marker-assisted selection strat-
egies, increasing the chance that these
markers will identify lines with a favor-
able phenotype (Gentzbittel et al., 2019).
Phenotype:SNPs association by GWAS
was also reported as the first step toward
the cloning of genes/QTLs associated
with the grain size trait, allowing infer-
ences about the regulatory mechanism
with the aim of providing the theoretical
basis for improving the productivity of
rice cultivars (Jiang et al., 2022).

Both selection and population histo-
ry have important influences on the
amount and patterns of genetic variabil-
ity, and consequently, populations with
different genetic histories can have dif-
ferences in allele frequencies for many
genome-wide polymorphisms (Flood
and Hancock, 2017). If these populations
have different values for the phenotype,
any polymorphisms that differ in fre-
quency between two populations will
be associated with the phenotype, even
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if they are neither causal nor in strong
linkage equilibrium with the causal
polymorphism (Gentzbittel et al., 2019).

Methods that aim to identify causal loci
are therefore highly influenced by pop-
ulation structure. For this reason, new
strategies based on artificial intelligence,
such as Machine Learning (ML), are be-
ing applied, aiming to explain variation
in complex traits using populations with
admixture proportions and capable of
predicting quantitative phenotypes. By
including genotypes with admixture
or selection, Machine Learning can ex-
plain more of the phenotypic variation
than methods such as GWAS or QTL
mapping (Gentzbittel et al., 2019). ML
methodology involves areas of comput-
er science, artificial intelligence, compu-
tational statistics and information theory
to build algorithms that can learn from
existing datasets and make predictions
on new datasets (Wang et al., 2018). ML
allows the exploration of Big Data con-
cepts in plant genomics, which involves
analyzing a huge amount of data and
extracting knowledge to understand cel-
lular mechanisms or the expression of
complex traits. Some steps are common
to several ML studies, such as (i) choos-
ing the database, which must be accu-
rate and with minimal redundancy; (ii)
extracting information from the selected
data; (iii) evaluating and selecting the
main attributes to be investigated; (iv)
choosing algorithms; v) creating predic-
tion/classification models; and (iv) eval-
uating prediction/classification perfor-
mance (Silva et al., 2019).

ML is well suited to infer nonlinear re-
lationships in biological systems due
to the large volume and variety of data
from different categories that must be
included in a complete analysis of a giv-
en dataset. Several algorithms have been
used in ML, such as artificial neural net-
works, random forest, LogitBoost, and
support vector machines (Tong et al.,
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2024). The aim of this work was to iden-
tify SNPs associated with traits of inter-
est in rice using ML methodology and
then convert them into a viable genotyp-
ing system for use in assisted selection in
rice breeding programs.

Material and Methods

Identification of SNPs associated

with traits of interest by
Machine Learning (ML)

The grain yield data, previously de-
scribed in Bueno et al. (2012), were ob-
tained in nine experiments (Boa Vista,
Santo Antonio de Goias, Goianira Year 1,
Goianira Year 2, Vilhena, Teresina, Sinop,
Uruguaiana and Pelotas) carried out in
the Federer Augmented Block design.
The data from the 541 accessions of these
experiments were previously analyzed
using mixed linear models and the esti-
mates of the variance components were
obtained using the residual maximum
likelihood (REML) method, with appli-
cation of the best linear unbiased pre-
diction (BLUP) procedure to predict the
random effects genetic values (eBLUP)
associated with each of the accessions
(Bueno et al., 2012). These phenotyping
data were associated, for each accession,
with data from 4,709 SNPs obtained by
the Genotyping by Sequencing (GBS)
methodology, regularly spaced in the
genome, selected from among 445,589
SNPs (Pantalido et al., 2016).

Using the phenotypic and genotyp-
ic data, methods based on the random
forest algorithm (Breiman, 2001) were
developed, and two strategies were
used to classify the SNPs related to the
nine characteristics of interest, based
on the “Increased Mean Square Error”
(iMSE) and the “Mean Decrease of Gini
index” (MDGI). In the first strategy, for
each trait of interest, a random forest al-
gorithm was run 1000 times on the en-
tire phenotypic and genotypic dataset.
In each of these 1000 runs, the iMSE

was calculated for each of the SNPs in
the dataset. For each decision tree that
makes up the forest of the random forest
algorithm, the iMSE was calculated us-
ing the portion of the data that was not
used to train the tree. Using this strate-
gy, the SNPs that were most frequently
in the top ranking positions were select-
ed. The second method employed uses
the MDGI calculation to rank the SNPs
used in the random forest. In decision
trees, the Gini Index defines the purity
of a tree node and how much an attri-
bute managed to divide a data set into
pure subsets, in which the examples of
each subset belong to the same class.

The Gini index value lies in the range be-
tween 0 and 1, where 0 represents a pure
classification, that is, all examples in the
set belong to the same class. A value of 1
indicates a random distribution of exam-
ples within the set across several classes.
A value of 0.5 indicates that there is an
equal distribution of examples across
classes. When constructing the decision
tree, the attributes (in this case, SNPs)
that have the lowest Gini index value
are considered the most important. The
random forest algorithm was run 1000
times, as in the previous strategy. With
each run of the algorithm, the MDGI
measure was used to select the best SNPs
from the dataset. At the end of the runs,
the SNPs that appeared most frequently
among the best ranked were selected.

Development of TagMan®
assays for the identified SNPs

After the selection of SNPs by ML, an in
silico analysis was performed to select
those with the greatest potential for asso-
ciation with the grain yield trait. The fol-
lowing criteria were used: 1) Presence of
the SNP in the RiceVarMap rice sequence
database  (http://ricevarmap.ncpgr.cn/vars

in_region/), to infer that the SNP is real,
without the need to sequence the genom-
ic DNA fragment that includes the SNP;
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2) SNP with one of the genotypic classes
with a minimum allele frequency of 0.05
(5%), to avoid selecting a SNP locus that
has a pattern (G/G, for example) with
high frequency in a given set of rice gen-
otypes; 3) Effects of predicted variations
(obtained from the website RiceVarMap)
and classified as: a) modifier (the SNP is
located in an intergenic region, 3° UTR,
5 UTR or in an intron); b) moderate (lo-
cated in an exon, where the SNP changes
the amino acid); and c) low (in an exon,
where the SNP does not change the ami-
no acid, due to the degeneration of the ge-
netic code); 4) Functional annotation of the
gene modified by the SNP, i.e., assighment
of the gene function, obtained from the
Rice Genome Annotation Project website
(http://rice.uga.edu/analyses search locus.sht-
ml); and 5) Regarding the number of genes
regulated by the gene modified by the
SNP, obtained from the RiceNETDB web-
site (http://bis.zju.edu.cn/ricenetdbl).

The SNPs identified by ML and select-
ed by in silico analysis were convert-
ed to TagMan® assays (ThermoFisher
Scientific, USA), based on hydroly-
sis probes. For this, the position of the
SNP in the genome was identified by
the Genome Browse tool (littp://rice.uga.
edu/cgi-bin/gbrowse/rice/#search), and se-
quences 250 base pairs (bp) above and
250 bp below this position were select-
ed. The TagMan® assay development
process requires a high-quality target
sequence for oligonucleotide design.
Therefore, it is essential to identify the
presence of repetitive DNA in the DNA
fragment adjacent to the SNP using the
RepeatMasker program (littps://repeat-
masker.org/cgi-bin/WEBRepeatMasker),
which automatically inserts “N” at each
nucleotide of the repeat, which prevents
the primer design program from using
this part of the genome sequence.

Furthermore, the 501 bp sequence was
evaluated for the presence of non-target
SNPs using the SNPseek program (/ittps:/
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snp-seek.irri.org/_snp.zul), which are also re-
placed by “N”. This “masked” sequence
was then submitted to the “Custom
TagMan® Assay Design Tool” program
(https://www.thermofisher.com/order/cus-
tom-genomic-products/tools/ga/ga_index.
php?default App=cadt), which automatically
designs the primers and probe that hy-
bridizes at the point where the SNP is lo-
cated. Each SNP allele is labeled with fluo-
rescence (VIC for the reference nucleotide
allele and 6-FAM for the alternative allele),
thus allowing their distinction in the anal-
ysis performed on an RT-qPCR device.

Greenhouse experiment
for SNP validation

To validate the SNPs associated with
grain production by ML, 29 contrasting
rice varieties were selected regarding
productivity, height and cycle, in ad-
dition to two cultivars as checks (Table
1). The experiment was conducted in a
greenhouse located at Embrapa Arroz
e Feijao (Santo Antonio de Goias, GO,
16°28’S; 49°17'W, 779 m altitude).

The design was in randomized blocks
with four replications, and the evaluated
characteristics were production (acro-
nym GY, in grams, g), plant height (PH,
measurement from the soil to the point
of insertion of the panicle in the prima-
ry tiller, in centimeters, cm), number of
panicles (PAN) and percentage of filled
grains (PFG). Analysis of variance and
the test of means were performed using
the R program (R Core Team, 2023).

The validation of the SNP converted into
TagMan® assay was performed by ge-
notyping, together with the phenotyp-
ing data of the 31 materials evaluated in
the experiment under controlled condi-
tions. Initially, the genomic DNA of each
rice variety was extracted according to
the procedure described in Pantalido
et al. (2016). Subsequently, the Custom
TagMan® SNP Genotyping Assays 40
X solution and the TagMan® GTXpress
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master mix 2 X were added to the DNA
of each genotype, according to the man-
ufacturer’s recommendations, for a final
volume of 5 ul.

Table 1. Materials evaluated in the
greenhouse experiment to validate
the TagMan® assays. BAG: Active
Germplasm Bank (Embrapa Rice and
Beans); C.S.: cultivation system, U: up-
land; L: lowland.

BAG Code Name C.S.
1 BGA011943 Caqui U
2 BGA000003 Amarelao U
3 BGA000009 Agulhinha L
4 BGA000941 Ciwini L
5 BGA000994 Esav X Matdo U
6 BGA001416 IPSL 0574 L
7 BGA002482 M 44 L
8 BGA002524 Moroberekan U
9 BGA003196 GZ 809-4-1-2 L
10 BGA004206 CNA 108-B U
11 BGA004463 N7441 U
12 BGA004566 Metica-1 L
13 BGA004697 N2583 U
14 BGA005342 Rio Verde U
15 BGA005461 CO 18 U
16 BGA006030 Padi Senemok U
17 BGA006170 LS 85-125 U
18 BGA006574 Irat 112 U
19 BGA006666 A12-286 U
20 BGA008412 Bluebonnet U
21 BGA008545 CT 11216 U
22 BGA008711 CNAx 4914 U
23 BGA009364 CT13581 U
24 BGA010692 Oryzica Lhanos 4 L
25 BGA020067 Cambara U
26 BGA003490 Mearin U
27 - AB172678 U
28 - AB172748 U
29 - BRS A503 U
Check 1 BGA015465 BRS Esmeralda U
Check 2 BGA008070 Primavera U
Reactions were performed in the

QuantStudio 7 Flex RealTime PCR
System (Applied Biosystems, USA) under
the following amplification conditions:
30 s at 60°C, 20 s at 95°C followed by 50
cycles of 3 s at 95°C and 1 min at 60°C,
with a final step of 30 s at 60°C. SNP ge-
notyping was performed using TagMan®
Genotyper Software® (ThermoFisher
Scientific, USA). From the genotypes of

the SNP markers integrated with the phe-
notypic values, a simple linear regression
analysis (p-value < 0.10) based on the
nonparametric Wilcoxon test was per-

formed using R software, version 4.1.0 (R
Core Team, 2023).

Results

Of the 74 SNPs identified by the ML ap-
proach as associated with grain yield, 61
(82%) were identified in the RiceVarMap
database and proceeded to the next steps
of SNP selection. Based on filtering us-
ing MAF < 5%, all 61 SNPs identified via
ML were retained. The next step was to
determine the position of the 61 SNPs in
the genome, which was distributed as fol-
lows: intergenics, 34 occurrences; in the
introns, 9; in the 3" UTR regions, 6; and in
the exons, 12. A SNP in an exon can result
in an amino acid change (missense vari-
ant), or without amino acid modification
(synonymous variant). To complete this
SNP selection step, it is important to de-
termine the effect of the SNP (modifier,
moderate or low). The vast majority of
SNPs were categorized as having a mod-
ifier effect (49), followed by a moderate
effect (6) and a low effect (6).

Of the 61 SNPs evaluated, 46 had an ef-
fect on genes with a putative gene prod-
uct already described, while the remain-
ing 15 were classified as expressed pro-
tein, that is, their gene product has yet
to be determined. Another criterion for
evaluating SNPs was to find the inter-
action of genes that are under the effect
of the SNP with other genes and, when
possible, their participation in metabol-
ic pathways. According to these criteria,
15 SNPs were chosen for the develop-
ment of the TagMan® assays (Table 2).
Chromosomes 1, 2, 3, 6, 7, 8 and 9 were
represented. The selected SNPs are lo-
cated, in decreasing order of occurrence,
in introns (6), intergenic regions (5), ex-
ons (2), 3" UTR region (1) and 5 UTR re-
gion (1).
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Table 2. Description of the 15 SNPs that originated the TagMan® assays. In the
variation, the first allele is the reference allele and the second, the alternative allele.
Chrom.: chromosome number. (a.t.): associated with evaluated traits.

SNP Chrom. Variation
$1_32807862 (a.t.) 1 AIG
$1_33836751 (a.t.) 1 G/IA
$1._39254110 (a.t.) 1 GIC
S2_17491825 (a.t.) 2 AIG
$3_2150128 (a.t.) 3
S6_26027620 (a.t.) 6
S6_30346911 (a.t.) 6 G/IA

S1_22936476 1
S1_41924060 1 G/IA
S2_35383271 2 GIC
S3_14416044 3 AIG
S6_5720734 6
S7_1055849 7 AIC
$8_20351530 8
S9_1420365 9

The analysis of variance of the experi-
ment conducted in a greenhouse showed
that there was a significant difference be-
tween the treatments for all traits, except
for the percentage of filled grains (Table
3). The traditional variety Caqui stood

Location

Intergenic (LOC_0s01g56810-LOC_0s01g56820)
Intergenic (LOC_0s01g58540-LOC_0s01g58550)
Intron (LOC_0s01g67530)

Intron (LOC_0s02g29464)

TIC 5" UTR (LOC_0s03g04600)

TIC Intron (LOC_0s06g43304)

3" UTR (LOC_0s06g50100)

TIC Intron (LOC_0s01g40610)

Intron (LOC_0s01g72310)

Intron (LOC_0s02g57780)

Intergenic (LOC_0s03g25220-LOC_0s03925240)
TIA Intergenic (LOC_0s06g10950-LOC_0s06g10960)
Exon (LOC_0s07g02810); missense (Asn/Thr)
CIT Exon (LOC_0s08g32840); synonymous (Asp/Asp)
AT Intergenic (LOC_0s09g03010-LOC_0s09g03030)

out in terms of productive performance
(244.01 g/plant) and number of panicles
(53), which is favorable, but it also pre-
sented undesirable traits for the breed-
ing program, such as late cycle (119 days
to flowering) and greater height.

Table 3. Analysis of variance of the greenhouse experiment. SV: source of variation;
DF: degrees of freedom; SS: sum of squares; MS: mean sum of squares; CV%: coeffi-

cient of variation.

Source DF SS MS F-statistic P-value CV%
Genotypes 30 211949 7065 7.3168 0
. Block 3 3553 11843 12265 0.3048ns
Vield Residual 90 86903 965.6 4281
Total 123 302405
Genotypes 30 22654.2 755.14 35,054 0**
Flowerin Block 3 847 28.24 1311 0.2758ns 8
g Residual 90 1938.8 2154 '
Total 123 246777
Genotypes 30 17148 4 571.61 7.7218 0**
. Block 3 172.9 57,64 0.7787 0.5089ns
Panicle number o dual 90 6662.3 74.03 3421
Total 123 23983.6
Genotypes 30 53083 1769.42 211599 0**
. Block 3 891 297.14 35535 0.0175ns
Height Residual 90 7526 83.62 10.77
Total 123 61500
Genotypes 30 0.54875 0.018292 1.17483 0.276ns
Block 3 003168 0010561 067834  0.5675ns
. .
% Filled grains o igual 90 140127 0.01557 13.73
Total 123 198171

**: significant (p< 0,01); ns: not significant
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The accession that stood out the most, in
the set of traits evaluated, was the cul-
tivar Metica-1, with good productivity
(127.22 g/plant), medium cycle (98 days),
good number of panicles (41) and low
height (69 cm) (Table 4).

Table 4. Test of means of the evaluated
traits. Means followed by the same let-
ter, in the column, do not differ from
each other at 5% probability by the Scott-
Knott test. C: check cultivar.

Name Yield Flowering Panicle Height
Caqui 24401a 119.25b  53,25a 132,75a
CO 18 146.76b 118.50b  58,50a 122,25a
Metica-1 127.22b  98.75c  40,75b  69,00e
Ciwini 101.54c  106.50c  34,50b  76,00d
Padi Senemok 100.33c  115.25b  33,25b 108,88b
CT13581 98.36c  99.00c  36,50b 99,00c
Mearin 9260c 100.75c  35,25b 64,75e
Agulhinha 91.25¢ 106.50c  18,75¢c 118,38a
Moroberekan 88.76c  106.50c  15,25¢ 100,88b
Oryzica Lhanos 4 75.83c  114.00b 27,25b 63,63e
Bluebonnet 73.78¢c  102.50c  16,50c 103,75b
GZ 809-4-1-2 7201c  103.50c  31,75b 53,25e
A12-286 69.54c  9250d  15,75¢ 80,88d
IPSL 0574 61.83d 89.50d  13,25¢ 94,88¢c
N2583 61.44d 127.25a 20,75¢ 109,25b
Esav X Matéo 56.45d  104.25¢c  14,50c 119,13a
AB172678 b5.46d  84.00e  34,75b 65,25e
Rio Verde 5453d  95.00d  16,50c 81,88d
CNA 108-B 49.14d  87.75d  17,50c  84,50d
BRS Esmeralda (C) 48.84d  82.00e ~ 31,00b 72,25d
M 44 4820d  96.00d 12,00c 91,50c
Amareldo 47.89d  77.00f  25,00c 79,25d
Irat 112 4789d  76.00f  30,50b 65,25
BRS A503 4735  88.756d  15,50c 72,13d
AB172748 46.59d  84.75¢  29,00b 69,63e
N7441 4466d 83.25¢  21,50c 64,50e
LS 85-125 43.74d  91.25d 8,75¢  93,00c
CT 11216 38.73d  87.25d  11,75¢c 62,13e
Primavera (C) 38.49d  78.25f  19,00c 75,13d
Cambara 37.23d  92.75d  17,75¢  67,75¢
CNAx 4914 36.83d  75.50f  22,00c 70,58e

The 15 TagMan® assays genotyped 31
materials evaluated in the greenhouse

experiment, and the molecular data of
SNP markers were analyzed together
with the phenotypic data by means of
simple linear regression analysis. There
was significance for the effects in sev-
en of the 15 SNP markers, which were
related to the traits number of panicles
(five SNPs), percentage of whole grains
(three SNPs) and grain yield (four
SNPs) (Table 5).

The proportions of trait variation ex-
plained by the individual marker are an
important estimate for the implementa-
tion of marker-assisted selection. For the
trait percentage of filled grains, the vari-
ations (R?) explained by the effects of the
markers were high, ranging from 34.3 to
50.3%.

For number of panicles, the varia-
tions ranged from 17.5 to 22.6%, while
for grain yield, they ranged from 7 to
56.1%. SNPs S1_33836751, S1_39254110,
52_17491825 and S3_2150128 explained
the variations for both panicle num-
ber and grain yield traits. In turn, the
markers S6_26027620, S6_30346911 and
S51_32807862 were associated only with
the trait percentage of filled grains. The
largest variations were explained by
markers S3_2150128 (56.1%; grain yield),
52_17491825 (55.3%; number of panicles)
and S1_32807862 (50.3%; percentage of
filled grains).

A direct association with the phenotype
of a complex inheritance trait cannot be
attributed to a single gene. Furthermore,
the highest level of complexity of the ge-
netic control of a quantitative trait also
results from the interaction between
genes. In this study, all genes modified
by the SNPs associated with the traits
evaluated were associated with other
genes, ranging from 31 to 87 genes, some
of which were transcription factors,
which play a fundamental role in gene
expression (Table 6).
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Table 5. Summary of regression analysis between SNP markers and respective traits.
DF: degrees of freedom; SS: sum of squares; MS: mean sum of squares.

Source of variation DF SS MS F p-value R? (%)

TT vs CC 1 0.042144 0.042144 15.63 5.00E-04 34.3
S6_26027620

% filled grains Residual 27 0.072782 0.003
Total 28 0.114926 0.0
S6 30346911 AAvs GG 1 0.048134 0.048134 19.46 1.8E-04 39.7
% filled grains Residual 27 0.066792 0.002
Total 28 0.114926 0.1
S1 32807862 AAvs GG 1 0.059813 0.059813 29.30 1.01E-05 50.3
% filled grains Residual 27 0.055113 0.002
Total 28 0.114926 0.1
S1 33836751 AAvs GG 1 1072.3 1072.3 9.67 0.004 224
Panicle Number Residual 29 3214.8 110.9
Total 30 42871 1183.2
S1 39254110 CC vs GG 1 856.2 856.2 6.74 0.015 175
Panicle Number Residual 26 3302.8 127.0
Total 27 4159 983.2
S3 2150128 CCvs TT® 1 1069.3 1069.3 9.47 0.005 22.6
Panicle Number Residual 28 3161.9 112.9
Total 29 4231.2 1182.2
S6 30346911 AAvs GG 1 469.6 469.6 3.50 0.072 7.9
Panicle Number Residual 28 3761.6 134.3
Total 29 4231.2 603.9
S2 17491825 AAvs GG 1 2300 2300 33.12 5.3E-06 55.3
Panicle Number Residual 25 1736.2 69.4
Total 26 4036.2 2369.4
S1 33836751 AAvs GG 1 5359 5359 3.26 0.081 7.0
Grain Yield Residual 29 47628 1642.3
Total 30 52987 7001.3
S1 39254110 CCvs GG 1 20072 20072 16.87 0.0004 37.0
Grain Yield Residual 26 30936 1189.8
Total 27 51008 21261.8
S3 2150128 CC vs GG 1 5121 5121 3.08 0.0903 6.7
Grain Yield Residual 28 46581 1663.6
Total 29 51702 6784.6
S2 17491825 AAvs GG 1 28761 28761 34.28 4.1E-06 56.1
Grain Yield Residual 25 20977 839.1
Total 26 49738 29600.1

(1) Contrast considered in the regression analysis between the marker locus and the evaluated trait.

Table 6. Information on genes modified by SNPs associated with the evaluated
traits. PFG: Percentage of filled grains; PAN: Panicle number; GY: Grain yield.

SNP Trait Modified Gene Gene Product Associated Genes*
S6_26027620 PFG LOC_0s06g43304 Cytochrome P450 37(5)
S6_30346911 PFG/PAN LOC_0s06950100 Tyrosine kinase 50 (7)
S1_32807862 PFG LOC_0s01g56810 Cytokinin Dehydrogenase/oxidase 65 (2)
S1_33836751 GY/PAN LOC_0Os01g58550 Methyladenine glycosylase 31
S1_39254110 GY /PAN LOC_0s01g67530 AMP-binding enzyme 29 (7)
S3_2150128 GY /PAN LOC_0s03904590 Ribosomal protein 87
S2_17491825 GY /PAN LOC_0s02g29464 SMC N-terminal domain 38

* In parentheses: number of transcription factors
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Discussion

Although rice is native to Asia, it has
been cultivated in Brazil since the 16th
century (Pereira, 2002), leading to unique
genomic variations driven by adaptation
to tropical soils and climate. This diversi-
ty likely explains why certain SNPs from
Brazilian germplasm are absent from
international rice genome databases.
Specifically, 13 SNPs were not found in
these databases and appear to be exclu-
sive to rice germplasm grown in Brazil.
In the present study, we focused on SNPs
present and validated in international
databases. Most of the 61 SNPs associat-
ed with grain yield were located in inter-
genic regions. The importance of SNPs
in intergenic regions is that they can al-
ter the expression of adjacent genes, due
to the interference of the SNP in the ex-
pression of regulatory elements of these
genes (Chen and Tian, 2016). SNPs locat-
ed in intergenic regions, introns, 3’'UTR
and 5 UTR have modifier gene effects,
while SNPs located in exons have moder-
ate or low effects. An SNP in an exon can
result in an amino acid change (missense
variant), without an amino acid modifi-
cation (synonymous variant), or result in
a stop codon (nonsense variant).

Rice is the most studied grass, and this
has generated a large accumulation of
knowledge about the putative function
of genes (Jiang et al., 2018). The accessi-
bility of this information is a great advan-
tage and represents an important criteri-
on in the selection of SNPs that may be
present in a gene, or altering the expres-
sion of these genes. Most SNPs affected
genes with known putative products,
helping the identification of metabolic
pathways and interacting genes, which
can support various biotechnological ap-
plications, including genome editing.

The seven TagMan® assays, based on
greenhouse data, were associated with
panicle number, percentage of filled

grains, and grain yield — key traits for
productivity. This supports that the
SNPs identified by the ML approach
using CNAE phenotypic data are in-
deed linked to grain yield. These SNPs,
located in non-coding regions (3'UTR,
5'UTR, introns, and intergenic areas),
showed a modifier effect on nearby
genes. According to Cano-Gamez and
Trynka (2020), several significant SNPs
by GWAS methodology were identi-
fied in non-coding regions and were as-
signed as regulatory variants of adjacent
genes. Furthermore, enhancers, promot-
ers and long non-coding RNA are the
main genome elements strongly influ-
enced by SNPs, which implies that most
of the SNPs associated with phenotypes
are located in non-coding regions of the
genome and are the most likely to regu-
late gene expression of QTLs (Fabo and
Khavari, 2023).

A direct association with phenotype of
a complex inheritance trait cannot be at-
tributed to a single gene. PFG has been
associated with three genes, Cytochrome
P450, Tyrosine kinase and Cytokinin
Dehydrogenase/oxidase.

A homologue of this Cytochrome P450
gene (LOC_Os06g15680) has already
been related to the 100-grain weight
trait, one of the components of rice pro-
ductivity, by Silva et al. (2022). This in-
dependent study indicates that this
gene, which belongs to a superfamily of
enzymes, actively participates in path-
ways related to increased productivity,
and participates in the biosynthesis of
several endogenous molecules, essential
secondary metabolites and fatty acids
(Naveed et al., 2018). Protein tyrosine ki-
nase was associated with increased bio-
mass (Liu et al., 2015) and response to
abiotic stresses (Elangovan et al., 2020).
The enzyme cytokinin dehydrogenase/
oxidase was associated with increased
biomass and response to abiotic stress
(Zhang et al., 2021). An AMP (adenosine
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monophosphate) binding protein gene,
associated with the traits yield and pan-
icle number, was related to the defense
response to Magnaporthe oryzae (Zhang et
al., 2009), the main rice disease. The oth-
er genes were associated with proteins
involved in general cellular metabolism
(methyladenine glycosylase, ribosomal
protein and MEC - structural mainte-
nance of N-terminal chromosomes), and
showed a large number of genes regulat-
ed by these three genes.

These seven genes are linked to over 300
others, suggesting that the correspond-
ing SNPs act as modifiers and influence
the expression of these additional genes.
This is a very important point and justi-
fies further analyses to validate the use
of these SNPs in assisted selection in rice.
Furthermore, among all the more than
300 genes, 21 are transcription factors,
which are a group of proteins that regu-
late multiple genes simultaneously and,
therefore, are promising targets for im-
proving important traits, such as grain
yield (Watt et al., 2020). As a perspective,
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