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ABSTRACT

Kernel size-related traits, including kernel length, kernel width, and kernel thickness, are critical components in
determining yield and kernel quality in maize (Zea mays L.). Dissecting the phenotypic characteristics of these
traits, and discovering the candidate chromosomal regions for these traits, are of potential importance for maize
yield and quality improvement. In this study, a total of 139 F2:3 family lines derived from EHel and B73, a distinct
line with extremely low ear height (EHel), was used for phenotyping and QTL mapping of three kernel size-
related traits, including 10-kernel length (KL), 10-kernel width (KWid), and 10-kernel thickness (KT). The results
showed that only one QTL for KWid, i.e., qKWid9 on Chr9, with a phenotypic variation explained (PVE) of
13.4% was detected between SNPs of AX-86298371 and AX-86298372, while no QTLs were detected for KL
and KT across all 10 chromosomes. Four bulked groups of family lines, i.e., Groups I to IV, were constructed
with F2:3 family lines according to the phenotypic comparisons of KWid between EHel and B73. Among these
four groups, Group I possessed a significantly lower KWid than EHel (P = 0.0455), Group II was similar to EHel
(P = 0.34), while both Group III and Group IV were statistically higher than EHel (P < 0.05). Besides, except
Group IV exhibited a similar KWid to B73 (P = 0.11), KWid of Groups I to III were statistically lower than
B73 (P < 0.00). By comparing the bulked genotypes of the four groups to EHel and B73, a stable chromosomal
region on Chr9 between SNPs of AX-86298372 to AX-86263154, entirely covered by qKWid9, was identified
to link KWid with the positive allele of increasing phenotypic effect to KWid from B73, similar to that of qKWid9.
A large amount of enzyme activity and macromolecule binding-related genes were annotated within this
chromosomal region, suggesting qKWid9 as a potential QTL for KWid in maize.
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1 Introduction

Maize (Zea mays L.) is a very valuable agricultural crop which plays an important role as food, animal
feeding and raw materials of bioenergy worldwide [1]. Food security is influenced directly by maize yield
[2]. High grain yield has always been the most significant objective of maize breeding. Most yield traits
are quantitatively controlled by multiple genes [3]. Kernel size, a key component determining kernel
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weight, is one of the most important yield traits, which incorporates kernel length, width, and thickness [4].
Therefore, in maize breeding, the advancement of kernel size is of huge significance [2,5].

At present, the effectual tools for analyzing the genetic structure of complex quantitative traits are
quantitative trait loci (QTL) mapping and genome-wide association studies (GWAS) [4]. Since Helentjaris
and colleagues issued the first piece of a molecular marker linkage map of maize in 1986 [6], hundreds of
QTLs for yield and yield-related traits have been found out on the maize genome through linkage
mapping [7]. Our knowledge of the genetic basis of yield and yield-related traits has been developed by
these intensifying QTL data. Then, in maize based on constructed genetic maps enhancing QTLs
controlling essential agronomic traits were detected by analyzing phenotypic values [1]. These identified
QTLs were distributed on all 10 maize chromosomes [2,8]. In a most recent report, 50 QTLs were
detected for kernel size traits in the intermated B73 ×Mo17 (IBM) Syn10 doubled haploid (DH)
population [4], of which eight of them were repetitively identified in at least three environments.
Similarly, for single environment analysis and mixed linear model-based composite interval mapping
(CIM) for joint analysis, a total of 55 and 28 QTLs for kernel traits were acknowledged by using CIM,
respectively, with 270 F2:3 families extracted from the cross between V671 (large kernel) ×Mc (small
kernel) in five environments [1,9].

Selective genotyping and bulked sergeant analysis are more useful and cost-effective as compared to
conventional genetic mapping, which requires analyzing all individuals for the traits of interest in the
sampled populations, especially for major genes controlling traits and QTLs with large effects.

Bulked-sergeant analysis can be used for biparental segregating populations as well as for natural
populations with the advancement of next-generation sequencing (NGS) technologies [10,11]. Bulked
sample analysis (BSA) as a sampling bulking method selects extremes or representative samples from
any population and pools them as bulks [10]. Sample selection and size are seriously affected by the
power of bulked sample analysis (BSA). Bidirectional selection can be generated with a selected sample
when the two tails of a distribution are considered or by single selection when only one tail is evaluated
[12]. Bidirectional selection is extensively used and commonly more effective as it avoids the effect of
segregation distortion. However, a single selection is more appropriate for traits under a strong negative
or lethal selection pressure. Forrest et al. reported that such a rust resistance in wheat [13]. With the
advancement of high throughput genotyping platforms, chip-based BSA has been effectively used to
detect QTL for traits of agronomic importance: kernel row number in maize [14], and salt tolerance and
blast disease in rice [15,16]. BSA becomes increasingly prominent in genetic mapping, due to its
depletion in genotyping cost and high detection power, including identifying gene(s) for stripe rust
resistance in hexaploid wheat [17], waterlogging tolerant QTL in maize [18], and charcoal rot resistance-
related genomic regions in soybean [19].

In the present study, we constructed F2 and F3 populations from the cross between EHel × B73. By
integrating the chipset-based genotyping and phenotypic characterization, we intended to 1) identify
QTLs for kernel length (KL), width (KWid), and thickness (KT) in maize, and 2) validate the interval of
QTLs by the procedure of bulked sample analysis (BSA). The summarized results of the present study
would provide both practical guidelines and theoretical references for the improvement of kernel-related
traits in maize.

2 Materials and Methods

2.1 Plant Materials
In 2016, the distinct line EHel, derived from the cross of D299 and a Pioneer hybrid, was crossed with

pollen collected from the sequencing line B73. EHel exhibited an extremely low ratio of ear to plant height,
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and smaller kernels than those of B73. F1 of EHel × B73 was self-pollinated to generate F2 seeds in 2017,
and then all of 222 F2 individuals were continuously self-pollinated to generate F2:3 population (F3 family
lines) in the following year. Finally, a set of 139 F2 ears bearing more than 60 kernels were selected for
further phenotyping in the next season.

2.2 Experiment Design and Data Collection
In 2019, parental lines of EHel and B73, and all 139 F3 family lines were planted in the field of the

college farm at Xiema (29° 45′39″ N, 106° 23′32″ E, Beibei, Chongqing, China) using a randomized
block design with three replications. Each plot contained a single row with 4 m row length and 1 m row
spacing. All the materials were bunch-planted within each plot with 10 bunches per row, and thinned to
2 individuals at each bunch. The final planting density was 5 × 104 plants per ha. After harvesting and
air-drying all cobson each plot, all kernels were collected from the ears, and they were mixed completely
by plot. 10 kernels were randomly selected from the mixed sample of each line for measuring three
kernel size-related traits, including length (KL, cm), width (KWid, cm), and thickness (KT, cm) [20]. The
average performance and standard deviation (S.D., n = 3) of KL, KWid, and KT were calculated via
Microsoft-Excel 365 for further analysis and QTL mapping.

2.3 Phenotypic Data Analyzing
All collected data were input into Microsoft-Excel 365 for chart demonstration. R software (Version

3.6.1) was used for Pearson correlation analysis of KL, KWid, and KT, and for pairwise t-test of parental
lines and groups. The characteristics of the phenotypic frequency distribution of KL, KWid, and KT
within the F2:3 population were revealed by the Shapiro-Wilk method via R (Version 3.6.1).

2.4 Chipset-based Genotyping
Genomic DNA was extracted from the leaf materials of parental lines of EHel and B73, and

139 individuals of F2 by CTAB procedure. All DNA samples were sent to China Golden Marker
Biotechnology Co., Ltd. (Beijing, China) for chipset-based genotyping. ∼10000 SNPs integrated into the
chipset were used for the fingerprinting of both parental lines and F2 individuals.

2.5 Screening of Polymorphic SNPs and Construction of Linkage Map
After deleting the markers with missing value or heterozygous genotypes at EHel or B73, 8338 SNPs

presenting homologous genotypes on both EHel and B73 were selected from all SNPs integrated into the
chipset. By comparing the genotypes of EHel and B73 at each selected SNP, only those exhibiting
different genotypes were kept. Finally, 2108 polymorphic SNPs were screened out for further analysis.
According to the instruction of QTL IciMapping software (Version 4.5.3), the genotype of each
F2 individual on 2108 polymorphic SNPs was transferred to 2 (homologous genotype of EHel/EHel), 0
(homologous genotype of B73/B73), 1 (heterozygous genotype of EHel/B73), or −1 (missing).
Thereafter, the total dataset was imported into the QTL IciMapping for linkage map construction [21].

2.6 QTL Mapping for Three Kernel Size-Related Traits
The ICIM-ADD model of QTL IciMapping was used to detect QTL for KL, KWid, and KT. QTL for

three traits were scanned across the whole genome by both procedures of fixed LOD of 2.5 and permutation.
By using permutation, the repeated scanning time was set to 1000, and type I error was set as 0.05. All
detected QTL was named as qABi-j, where q means QTL, AB refers to trait abbreviation, i refers to
chromosome number (i.e., 1 to 10) and j to QTL serial if there were more than one QTL on the same
chromosome. Gene action of detected QTL was determined by the absolute ratio of dominant effect by
additive effect [22]. According to the ratio, the gene action of each QTL was identified as additive
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(A, ratio < 0.2), partial dominance (PD, ratio ranging from 0.21 to 0.80), dominance (D, ratio ranging from
0.81 to 1.20), and over dominance (OD, ratio > 1.21) [22].

2.7 Verification of Candidate Chromosomal Region via Bulked Strategy
In order to verify the candidate chromosomal region for the target trait, a bulked strategy [i.e., bulked

sample analysis (BSA)] was used to detect the association of genotype and target trait [10]. By using this
bulked strategy, lines that possessed certain phenotypic performance of target trait were selected from the
F2:3 population to form four different groups, i.e., Group I to Group IV. Lines within each group were
bulked together, to form the bulked genotype of each group. Besides, the average phenotypic
performance of each group was calculated across all lines within the corresponding group. The statistical
difference of each group vs. EHel or B73 was carried out by a pairwise t-test via R (Version 3.6.1).

2.8 Genomic Annotation of Target Chromosomal Region
The genomic annotation of selected chromosomal areas on Chr 9 was obtained from the maize genome

database (www.maizegdb.org), and their biological and molecular functions were confirmed. We used the
online tool (http://bioinformatics.psb.ugent.be/webtools/Venn/) to do the Venn analysis after obtaining the
genes that integrated into the given physical interval.

3 Results

3.1 Phenotypic Performance of Three Kernel Size-Related Traits
Phenotyping results showed that for both EHel and B73, the average KL in 2018 was significantly lower

than that in 2019 (Fig. 1). For EHel, the average KWid in 2018 was significantly higher than that in 2019,
while the contrary trend was observed for B73 in the same years (Fig. 1). Different from both KL and KWid,
no statistical difference was observed between the average KT for EHel in both 2018 and 2019, while the
average KT of B73 in 2018 was significantly lower than that in 2019 (Fig. 1). Between the two parents,
EHel possessed a statistically higher KL in 2018 than B73, while a contrary result was observed for KL
between EHel and B73 in 2019 (Fig. 1). KWid also presented a similar trend to KL between EHel and
B73 in both 2018 and 2019, while no statistical difference was observed for KT between parents in both
years (Fig. 1).

Figure 1: Phenotypic performance of 3 kernel size-related traits on parental lines of EHel and B73
Note: In both years, ears of about 60 individuals of the corresponding parental lines were harvested and the kernels of EHel and
B73 were mixed after shelling for the phenotyping of KL, KWid, and KT. NT, not tested.
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Among 139 lines of the F3 population, the observed 10-kernel length ranged from 7.43 to 12.23 cm,
averaging with 10.10 cm, which was equal to the average performance of the parental lines of EHel and
B73 at this trait. The observed performances of 10-kernel width and 10-kernel thickness ranged from
5.78 to 8.73 cm and 3.92 to 6.70 cm, respectively, and averaged 7.26 and 5.08 cm, respectively (Table 1).

The Shapiro-Wilk method was used to test whether the distribution of these 3 kernel size-related
traits within the F3 population matched the normal distribution. By using the Shapiro-Wilk method,
P values > 0.05, and lower than W values suggest that the distribution of the dataset matched the normal
distribution. Among all 3 kernel size-related traits, similar P <W trends were observed, including 0.9491
(P value for 10-kernel length) vs. 0.9955 (W value for 10-kernel length), 0.3380 vs. 0.9896 (P vs. W for
10-kernel width), and 0.1145 vs. 0.9844 (P vs. W for 10-kernel thickness) (Table 1). These results
indicated that the frequency distribution of all the interest kernel size-related traits of the F3 population
matched the normal distribution (Fig. 2).

3.2 Correlation Analysis of Phenotypic Traits
Pearson correlation analysis showed that 10-kernel length (KL) was negatively correlated with 10-kernel

width (KWid) (R = −0.14), while no statistical difference was observed for this correlation coefficient (P =
0.0978) (Table 2). A negative correlation was also detected between KL and 10-kernel thickness (KT) with
R = −0.50; the P value for this correlation coefficient was 4.72 × 10−10, suggesting an extremely negative
significant correlation between KL and KT (Table 2). The correlation coefficient for KWid vs. KT was
0.55, with a P value of 3.37 × 10−12, indicating an extremely positive significant relationship between this
pair of traits in the F3 population (Table 2).

Table 1: Phenotypic performance of the F3 population among 3 kernel size-related traits

Trait Average Range Shapiro-wilk based normal distribution test

W P

10-kernel length (cm) 10.10 7.43–12.23 0.9956 0.9491

10-kernel width (cm) 7.26 5.78–8.73 0.9896 0.3880

10-kernel thickness (cm) 5.08 3.92–6.70 0.9844 0.1145

Figure 2: Frequency distribution of 3 kernel size-related traits in the F3 population. (A) 10-kernel length
(B) 10-kernel width (C) 10-kernel thickness
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3.3 Construction of Linkage Map
From ∼10,000 SNPs integrated on the chipset, a total of 2108 polymorphism SNPs were screened out

between the parental lines EHel and B73. All these 2108 polymorphism SNPs covered the entire maize
genome, i.e., 10 chromosomes. Based on all these polymorphism SNPs, software QTL IciMapping (V4.1)
was used to construct the linkage map of the segregating population derived from the crossing of EHel
and B73.

The results showed that the constructed map included 10 linkage groups, corresponding to
10 chromosomes (Chr) of the maize genome. The total length of the linkage map formed by all these
2108 polymorphism SNPs was 3309.35 cm, ranging from 177.02 cm (Chr10) to 553.40 cm (Chr3). The
average length of the map between each pair of SNPs was 1.57 cm, ranging from 1.10 cm (Chr1) to
2.74 cm (Chr5) (Table 3).

Among these 10 linkage groups or chromosomes, 5 chromosomes (i.e., Chr1, Chr2, Chr3, Chr4, and
Chr8) captured more SNPs (>200) than the remaining chromosomes (Table 3). Considering the average
interval length of each chromosome, six of them [i.e., Chr1 (1.10 cm), Chr2 (1.19 cm), Chr4 (1.14 cm),
Chr6 (1.31 cm), Chr8 (1.45 cm), and Chr10 (1.12 cm)] possessed a shorter average length than the whole
genome (1.57 cm), while the remaing 4 chromosomes possessed a larger average length (Table 3).

Table 2: Pearson correlation analysis for kernel size related traits

Trait KL KWid KT

10-kernel length (KL, cm) 1 0.0978 4.72 × 10−10

10-kernel width (KWid, cm) −0.14 1 3.37 × 10−12

10-kernel thickness (KT, cm) −0.50 0.55 1
Note: Figures below the diagonal refer to the Pearson correlation coefficient, while those up the diagonal refer to
the significance level (P value).

Table 3: Summary information of constructed linkage group

Chr No. of
SNPs

Length (cm) Average
length (cM)

Intervals with length >10 cM

No. Total length (cM) Average length (cm)

1 366 403.51 1.10 4 145.71 36.43

2 253 300.27 1.19 6 139.13 23.19

3 284 553.40 1.95 6 379.00 68.49

4 207 235.24 1.14 4 127.82 31.96

5 175 479.17 2.74 9 350.31 38.92

6 179 234.92 1.31 3 98.31 32.77

7 150 333.08 2.22 5 192.60 38.52

8 234 339.10 1.45 3 158.41 57.82

9 102 253.63 2.49 5 131.36 26.27

10 158 177.02 1.12 4 99.51 24.88

Total/average 2108 3309.35 1.57 49 1822.18 37.19
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Though the average length of the map was only 1.57 cm, a total of 49 gaps were observed with >10 cm
among the 10 chromosomes (Fig. 3, Table 3). The total length of these 49 gaps was 1822.18 cm, which
covered 55.06% of the whole genome (Table 3). The covering ratio of these gaps with >10 cm differed
significantly among chromosomes. Chr3 (68.49%) and Chr5 (73.12%) exhibited a higher ratio, while
Chr1 (36.14%) possessed the minimum ratio (Table 3). Besides, except 4 chromosomes of Chr1, Chr2,
Chr6, and Chr8, all remaing chromosomes exhibited a covering ratio >50% by these gaps (Table 3).

3.4 QTL Mapping for the Target Traits
Two mapping procedures (i.e., fixed LOD of 2.5 and permutation of 1000 times with a Type I error value

of 0.05) were used to detect the QTL for KL, KWid, and KT. For both KL and KT, no QTL was detected on

Figure 3: Constructed linkage groups based on 2108 polymorphism SNPs (lines in each bar mean the
polymorphism SNPs)
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all 10 chromosomes via neither permutation with 1000 times nor fixed LOD (Figs. 4A and 4D). For KWid,
only one QTL (i.e., qKWid9), was detected on Chr9 by both procedures (Figs. 4B and 4C).

Figure 4: (Continued)
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qKWid9 located at the position of 133.0 cM on Chr9, with a confidence interval (CI) of 129.5 to
133.5 cM within the marker interval of AX-86268371 and AX-86255482. The phenotypic variance
explained (PVE) by qKWid9 was 13.36%, and the positive allele with increasing phenotypic effect to
KWid of this QTL was from pollen parent B73. qKWid9 presented the gene action of overdominance
(OD) to KWid, suggesting that the genotype at this QTL with a higher frequency of B73/B73 or
EHel/B73 tended to increase the phenotypic performance of KWid in maize.

3.5 Primary Verification of Target Chromosomal Region on Chr9 via Bulked Strategy
In order to completely reveal the association of genotype and performance of KWid, 80 family lines

were screened from F3, and all these lines were assigned into four different groups (i.e., Group I to
Group IV). Group I contained 5 lines, with an average KWid of 6.06 cm, significantly lower than that of
EHel (6.56 cm, P = 0.0455) (Fig. 5). Five lines in Group I covered all family lines with statistically lower
KWid than that of EHel. Group II and Group III each contained 30 randomly selected lines from F3. The
average KWid of Group II was 6.75 cm, with no statistical difference to that of EHel (P = 0.3590, Fig. 5),
while that of Group III was 7.15 cm, significantly higher than EHel (P = 0.0168, Fig. 5). Group IV
contained all 5 lines with the largest KWid among all family lines of F3, with an average KWid of 8.46
cm, statistically higher than that of EHel (P < 0.00), while no significant difference was observed to B73
(8.78 cm, P = 0.1053) (Fig. 5).

Genotypes of all individuals of each group were bulked to represent the genotypes of the corresponding
groups. From SNPs of AX-86321834 to AX-86254834 on Chr9, a trending association between genotype
and KWid was observed as the Group’s KWid changed. According to the comparison of genotype and
KWid performance, the segment formed by these 40 SNPs of AX-86321834 to AX-86254834 could be
divided into four sections [i.e., Section1 (S1) to Section4 (S4)] (Fig. 5). S1 covered the first 2 SNPs,
S2 covered the following 16 SNPs, S3 covered the following 11 SNPs after S2, and S4 covered the
remaining 11 SNPs (Fig. 5).

Figure 4: QTL detection for three kernel size-related traits. (A) QTL detection for KL (B) QTL detection for
KWid via fixed LOD value of 2.5 (C) QTL detection for KWid via permutation (D) QTL detection for KT.
The light grey vertical lines separated the whole genome into ten chromosomes (i.e., Chr1 to Chr10)
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Along the chromosomal segments of S1 to S4, Group I and Group IV shared the same bulked genotypes
(EHel/B37 and B73/B73) within both S1 and S4, while, Group II and Group III exhibited the same bulked
genotypes (EHel/EHel, EHel/B73, and B73/B73) among all four segments of S1 to S4 (Fig. 5). At S2, Group
I with the lowest KWid only presented the bulked genotypes of EHel/EHel and EHel/B73, without the
homologous of B73/B73, differing from the rest 3 groups with a statistically higher performance of
KWid. For Group IV with the highest KWid, all lines within this group only presented genotypes of
EHel/B73 and B73/B73, without the homologous genotype of EHel/EHel (Fig. 5). Besides, at S3, the
homologous genotype of EHel/EHel appeared in Group IV, while lines of Group I still absented the
genotype of B73/B73 (Fig. 5).

Combining the analyzed results of bulked genotypes and KWid performance of four groups via bulked
strategy, we can speculate that S2 and S3 should serve as the candidate chromosomal regions for KWid.
Considering the QTL mapping result, qKWid9 located between SNPs of AX-86298371 and AX-
86255482. This interval just located at the left end of S2. The consistency between QTL mapping and
bulked strategy confirmed the qKWid9 for the performance of KWid in maize.

3.6 Genomic Annotation of Target Chromosomal Region on Chr9
According to the reference genome of B73, the physical interval of AX-86298371 and AX-

86255482 covered 1.268 Mb on Chr9. A total of 195 genes were annotated within this region of
1.268 Mb (Supplementary Table). Among these genes, 52.3% (102 genes) were annotated to participate
in biological progresses, 54.9% (107 genes) were annotated with different molecular functions, and
90 genes (46.2%) were annotated to present both biological processes and molecular functions (Fig. 6A).

Figure 5: Verification of genotype and phenotype via BSA strategy
Note: In this figure, red and blue lines refer to the homologous genotypes of EHel/EHel and B73/B73, respectively; the green line
refers to the heterozygous genotype of EHel/B73. Additionally, SNPs of S1, S3, and S4 were labeled in light gray, while those of
S2 were labeled in heavy dark.
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Among the biological processes, the protein-related process covered the most annotated genes, i.e.,
24 genes were annotated to involve the protein phosphorylation, dephosphorylation, ubiquitin-dependent
catabolism, and protein transport (Supplementary Table). In addition, quite a few annotated genes were
presented in the processes of ribosomal small subunit assembly, translation, transcription, lipid/fatty
biosynthesis, starch/carbohydrate pathway, auxin signaling pathway, and so on (Supplementary Table).

For 107 genes with certain molecular functions, 45 (42.1%) were annotated with function of binding,
i.e., DNA/RNA/nucleic acid/nucleotide binding, and some other macromolecules of protein, starch, lipid,
and so on (Figs. 6B and 6C). 54 (50.5%) were annotated with the function of activity, i.e., different kinds
of enzyme activity, and activity of factors including transporter, inhibiter, symporter, receptor, and so on
(Figs. 6B and 6C, Supplementary Table). All 8 genes gathered in the category of other were annotated to
function as structural constituents: 7 were the structural constituent of ribosome, and 1 was the structural
constituent of cytoskeleton (Figs. 6B and 6D, Supplementary Table).

4 Discussion

Higher yield performance and better kernel quality are the consistent goals for breeders, and most of
scientific researchers in maize (Zea mays L.). Maize kernel-related traits, including kernel length, kernel
width, and kernel thickness, are critical components in determining the final performance of yield and
kernel quality [4,20,23–27]. Numerous reports focused on these traits were documented, including
phenotypic and genetic dissection and QTL mapping [2,4,8,24]. Some candidate genes for the detected
major QTL were even functional characterized, including the most recently documented ZmPORB2,

Figure 6: Summary of annotated genes. (A) Venn analysis of annotated genes (B) Category analysis
of molecular functions among annotated genes (figures in brackets refer to the number of genes)
(C) Number of annotated genes belong to the binding-related category (D) Number of annotated genes
belong to the activity-related category
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promoting the accumulation of tocopherol in maize kernels, and qKW9 affecting kernel weight and size in
maize [28,29].

Under different backgrounds (i.e., maize-maize, maize-teosinte), statistical positive correlations were
observed between kernel length and kernel width in maize [2,8,30]. In the present study, however, only a
weak correlation was observed between kernel length and kernel width within the F2:3 population
derived from the cross of EHel and B73 (r = −0.14, P = 0.0978, Table 2). A statistical positive correlation
was shown between kernel width and kernel thickness in the present study (r = 0.55, P < 0.00, Table 2).
The same results were observed in the population derived from a four-way cross population [2], and
another F2:3 population derived from the cross of lines Ye478 and Huangzaosi [8]. These results
suggested that the maize kernel-related traits, i.e., KL, KWid, and KT, presented a crossed correlation
between each other. By considering the candidate gene(s) discovered for kernel-related traits, numerous
QTL were discovered across the whole genome of maize [31,32]. In the database of maize genome
(www.maizegdb.org), 28 QTLs for kernel size-related traits of kernel length (qklen, 25 QTLs) and kernel
thickness (qkthick, 3 QTLs) were documented.

In a comparison analysis focusing on traits of kernel size and weight between maize and rice, Liu and
colleagues identified a total of 373 QTLs for 100-kernel weight (HKW), kernel length (KL), kernel width
(KWid), kernel thickness (KT), and kernel test weight (KTW) among 10 populations formed by 10 sets
of recombinant inbred lines (RILs) [33]. Among these QTLs, 57.37% (214) controlled three size-related
traits: KL (61 QTLs), KW (64 QTLs), and KT (89 QTLs) [33]. Among all 10 chromosomes, Ch1 and
Chr9 captured most of the QTLs for three kernel size-related traits in maize, while different from Chr1,
most of the QTLs on Chr9 (63.33%) controlled the phenotypic performance of KW [33]. Besides, the
number of QTLs for KW ranged from 2 (DE3× BY815) to 13 (YU87-1× BK) among the 10 RIL
populations, exhibiting characteristics of background-specific [33].

For KWid in the present study, only one QTL, i.e., qKWid9, was identified on a short arm of Chr9 via
fixed LOD (Fig. 4B). The QTL interval of qKWid9 was confirmed by the procedure of bulked sample
analysis (BSA) (Fig. 5). On the same chromosome, Qin and colleagues also discovered a QTL for KW,
with LOD and PVE of 3.45 and 8.03%, respectively [32], similar to the present results. Among 19 QTL
for KW on Chr9 by Liu et al. [33], more than half located on the short arm of Chr9, with a PVE (or R2)
∼16%. In summary, these results suggested that the short arm of Chr9 might present critical chromosomal
regions controlling the final performance of maize kernels.

In addition, on a short arm of Chr9, Peng et al. detected a QTL for grain yield per plant (GYPP) via both
conditioned and unconditioned mapping procedures [34]. Besides, some QTLs for the other traits (i.e., grain
yield and kernel volume, weight, and length) were also reported to locate on the short arm of Chr9 [8,35–37].

A total of 195 genes were annotated within the selected region, according to Genome Annotation.
102 genes were found to be involved in biological processes, 107 genes were found to have various
molecular functions, and 90 genes were found to be involved in both biological processes and molecular
functions. These genes mainly involved in protein phosphorylation, dephosphorylation, ubiquitin-
dependent catabolism, and protein transport, and few were involved in processes of ribosomal small
subunit assembly, translation, transcription, lipid/fatty biosynthesis, starch/carbohydrate pathway, and
auxin signaling pathway. Zm00001d048301, an ortholog gene of E3 ubiquitin ligase BIG BROTHER in
Arabidopsis is thought to have a role in organ size determination [38]. As a result, organ size
determination suggested that it might play a function in kernel formation. Both genes
Zm00001d048332 and Zm00001d048320 belong to the pentatricopeptide repeat gene family, which plays
a key role in kernel development [39]. The glutathione S-transferase (GST) family is represented by the
Zm00001d048354 gene. The greater expression of GST genes in small-seeded cultivars during seed
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maturation stages revealed that they play an essential role in seed development and seed size determination in
chickpea [40], and so proposed their role in kernel width determination.

Further studies focused on qKWid9, and even the short arm of Chr9, might provide potential informative
references for the functional characterization of candidate gene(s) for kernel width in maize. They may also
provide information on the crossed correlations among this and other traits as well, resulting in more
alternative probabilities for the improvement of the final performance of both yield and quality in maize.

5 Conclusion

By integrating the chipset-based genotyping and phenotypic characterization, a major QTL, i.e.,
qKWid9, on Chr9 with PVE of 13.36% was identified to respond to the phenotypic performance of kernel
width in maize. qKWid9 possessed additive alleles from the pollen parent of B73, acting as the OD to the
phenotypic performance of KWid. The marker interval of qKWid9 was also confirmed by the BSA
(bulked sample analysis) procedure for marker-trait association, suggesting a candidate chromosomal
region for controlling the performance of kernel width in maize.
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