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Abstract
Selection for tolerance to low phosphorus (P) using morphological traits alone
is slow and often confounded by environmental effects. This study identified
some Quantitative Trait Loci (QTLs) associated with grain yield (GYLD),
Plant (PHT) and Ear heights (EHT) under low P in maize using single nucleotide polymorphic markers. 228 F2:3 individuals derived from a cross between two contrasting maize inbred lines together with 239 SNPs were
mapped onto ten linkage groups (LGs) spanning 2255 centiMorgans (cM)
with an average inter-marker distance of 9.44 cM. Majority of the SNP markers (63%) followed the Mendelian segregation and were fairly distributed in
all the LGs. Mean performance for all the traits in the F3 population was
higher than the parental values, which suggested transgressive segregation for
all traits. Low to moderate broad sense heritability (0.35 - 0.50) in the F3
population for GYLD, PHT and EHT indicated that tolerance to low P is
controlled by complex multi genetic factors. A full multi-QTL model analysis
suggested six QTLs (2 QTLs each for GYLD, PHT and EHT) located on
chromosomes 1, 3, 4 and 8. The two QTLs for GYLD increased maize yield
under low P soils by 173 kg/ha while the 2 QTLs for PHT increased plant
growth by 18.14 cm. The % phenotypic variance explained by these QTLs
under low P environments had a wide range (0.242% - 53.34%) and was
much lower for GYLD compared to plant growth. Both additive and dominance gene actions contributed differentially to the observed phenotypic
variance for tolerance to low P soils with dominance contributing more genetic effects compared additive effects for majority of the QTLs. The findings
of this study will provide some basis for marker-assisted selection for yield
improvement and further guide breeding strategies under low P soils of west-
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ern Kenya.
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1. Introduction
Phosphorus (P) is one of the most important plant nutrients, contributing approximately 0.2% of a plant’s dry weight, and is a component of key organic
molecules such as nucleic acids, phospholipids and energy transfers [1]. However, in the tropics, it is mainly unavailable to plants due to formation of poorly
soluble P complexes with calcium in alkaline and aluminium and iron in acidic
soils thereby causing an important constraint to crop production [2] [3]. Therefore sustainable agricultural production requires improved P management strategies [4]. Strong reliance on phosphorus (P) fertilization to maintain yields and
quality of crops in low P soils is greatly challenging as P fertilizers are costly and
derived from limited & non-renewable sources (rock phosphate) [5] [6]. Therefore, breeding effort to develop P-efficient maize varieties is a valid and necessary approach as part of the long term P-deficiency management strategies for
improving yield and enhancing food security in low P soils [7]. However breeding and selection using morphological trait/markers alone is slow and often
confounded by genotype by environment interactions on some of the major
P-efficiency selection parameters such as grain yield, Plant height, Ear height,
cob length & root traits which have complex inheritance and sometimes exhibit
very low heritability under stressful environments [8] [9] [10]. The use of genetic
markers and molecular tools alongside the conventional strategies is of necessity
to speed up the breeding process and improve its accuracy and reliability. Several genetic markers have been used including restriction fragment length polymorphism (RFLP), amplified fragment length polymorphism (AFLP), simple
sequence repeats (SSRs) and single nucleotide polymorphisms (SNPs) for map
construction and to identify useful QTLs for yield improvement in maize with
studies using SSRs dominating [11] [12] [13] [14]. However, they have several
limitations including low level automation of their methods, difﬁculty in typing
many loci in a single reaction, low abundance in the genome, and time-consuming
analysis requiring large numbers of loci [15]. Therefore recent advances in molecular technology have preferred SNP markers [9] [16] [17] over (or in addition
to) microsatellites and other markers in mapping studies. SNPs have high genomic abundance, good potential for high through put analysis and lower genotyping error rates, and can easily be typed on a much larger scale, low cost per
data point, locus-specificity, and codominance [18] [19]. Therefore SNPs have
emerged as a powerful tool for many genetic applications [9] [20]. Consequently
this study adopted the use of SNPs for QTL analysis in maize using the Kompetitive Allele Specific PCR genotyping system (KASPar) developed by LGC
DOI: 10.4236/ajps.2021.127077
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Genomics [21].
At present phosphorus uptake 1 (Pup 1) gene is one of the P-related QTL that
has been identified in rice variety kasalath. Pup 1 breeding lines have proven effective in field trials under low P soils [22] [23] [24]. These authors further
showed that overexpression of the threonine receptor-like kinase, phosphorus
starvation tolerance1 (OsPSTOL1) significantly increased grain yield in rice cultivated under phosphorus deficient soils via OsPSTOL1-elicited enhancement of
early root growth and development thereby enabling plants to acquire more
phosphorus and other nutrients. [25] investigated the role of homologs of
PSTOL1 in sorghum (SbPSTOL1) under low P soils and reported that SbPSTOL1
genes localized with QTLs for traits underlying root morphology and dry weight
accumulation under low P. The SbPSTOL1 alleles reduced root diameter which
was associated with enhanced P uptake under low P while both Sb03g006765
and Sb03g0031680 alleles increased root surface area resulting into increased
grain yield in low-P soils. These authors therefore suggested that PSTOL1 gene
enhanced P acquisition and performance of sorghum under low P soils. Further
studies in sorghum have reported pleiotropic QTLs for fine roots, root diameter
and grain yield which were all near sorghum homologs of the rice serine/
threonine kinase, OsPSTOL1 [26]. They concluded that another PSTOL1-like
gene, Sb07g02840, appears to enhance grain yield via small increases in root diameter. However, majority of the QTL studies in maize have attempted to detect
QTLs for phosphorus efficiency traits only at initial stages of plant development
either based on shoot dry weight [27] [28] [29] or using root morphology characteristics [30] [31] as this is often faster and less risky in terms of field experimental failures that are commonly experienced when screening genotypes under
very low P soils. Only a few studies have attempted to use grain yield under low
P soils for QTL studies [32]. Studies by [31] using maize seedlings reported putative homologs to PSTOL1, where 13 genomic regions were significantly associated with total dry weight and P content in maize seedling under low-P availability in a complementary way. Other available studies in maize such as [14]
reported QTLs associated with yield traits such as 100-kernel weight, ear length,
ear diameter, ear weight, and grain weight per plant but were not necessarily
targeting tolerance to low P as they were not done under P deficient soil conditions. Therefore, more information is still needed in maize grown under low P
conditions in order to guide breeding strategies for the development of maize
cultivars more adapted to low P conditions in tropical soils. This study intended
to identify single nucleotide polymorphic markers (SNPs) that are linked to the
major QTL(s) associated with grain yield, Plant and Ear heights using 228 F2:3
individuals derived from a cross between maize inbred lines contrasting in tolerance to low P.

2. Materials and Methods
2.1. Genetic Material
A total of two hundred and twenty eight F2 plants derived from KML 036 X S
DOI: 10.4236/ajps.2021.127077
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396-16-1 maize inbred lines contrasting for P-efficiency were used in this study.
The inbred line KML 036 is P-efficient while S 396-16-1 is P-inefficient [10].
Both lines are white seeded. The 2 inbred lines were crossed to generate F1
progenies which were advanced to F2 through selfing Two hundred and twenty
eight F2:3 were raised and phenotyped under very low P conditions in migori
site.

2.2. Leaf Sampling, Genomic DNA Extraction and Quantification
Maize leaf samples were obtained from 3 weeks old maize seedlings using LGC
genomics leaf sampling Kit contained 96-well storage plate from the field. Sample leaves were placed on the Harris cutting mat and leaf disks were cut in rolling circular motion using 6mm clean Harris Uni-Core cutting tool. The plunger
on the cutting tool was then depressed swiftly to release the leaf disc into the appropriate wells. The cutting end of Harris Uni-core cutting tool was rinsed several times in 2% NaClO (sodium hypochlorite) washed 5 times in water and
dried on paper towel before using it in the next leaf sample
(http://www.finnzymes.com/directpcr/harris_unicore.html). The above procedure was repeated until all the parental and the F2 samples were completed. The
plates were then sealed with a perforated (gas permeable) heat seal, packaged in
a heavy duty and sealed in the presence of a desiccant (Silica gel) to dehydrate
and hence preserve the leaf tissue during transit from field at ambient temperature. Genomic DNA was extracted from dried young leaf samples using kleargene leaf DNA extraction Miniprep Kit [21] [33]. DNA pellets were kept at room
temperature for 30 minutes and then dissolved into 200 uL of 0.1xTE buffer.
DNA was quantified using Quant-iTTM PicoGreen dsDNA Assay Kit (Invitrogen San Diego, CA) and the fluorescence measured using the Microtiter plate
reader (Varioscan from Thermo Scientific). Samples were adjusted to 40 ng/µl
using Tris-EDTA buffer [34].

2.3. Selection of Polymorphic SNP Markers
The DNA from the two parental lines (KML 036 and S 396-16-1) were genotyped for polymorphism using a total of 1250 random SNP chip developed at
Cornell University, out which the 466 polymorphic SNPs were selected based on
the Nucleotide SNP calling of the parental samples [35]. The F2 DNA samples
were then assayed using 466 polymorphic SNPs at LGC genomics laboratory in
the UK.

2.4. SNP Genotyping and PCR Amplification
SNP genotyping was carried out using Kompetitive Allele Specific PCR (KASP)
using the LGC genomics KASP system [36]. KASP assay components used for
SNP genotyping comprised: primer mix and KASP PCR master mix. The primer
mix contained 0.05 - 0.07 µM of each of the 2 unlabelled allele specific forward
primers and 0.07 - 0.20 µM of one common unlabelled reverse primer. The
DOI: 10.4236/ajps.2021.127077
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KASP PCR master mix contained 0.2 - 0.5 uM of klear Taq polymerase, 0.05 0.20 Mm of each dNTPs, 1 - 2 µl of 1x PCR Buffer (10 mM Tris-HCl, Ph 8.3),
1.8 - 2.8 mM MgCl2 and two distinct FRET (fluorescence resonant energy transfer) cassettes; one labelled with FAM™ dye (Emission wave length 485 - 520 nm)
and the other with HEX™ dye (Emission wave length 535-M556 nm) in the corresponding quencher. The passive reference dye succinimidyl ester (ROX) (Emission wave length 575 - 610 nm) was used to allow normalisation of variations in
signal caused by differences in well to well liquid volume. The KASP homogenous assay was added to each of the 2 - 2.5 µl (1 - 10 ng/µl) DNA samples with
total reaction optimized to 4 - 10 µl volume in each of the 384 well PCR plates
(http://www.lgcgenomics.com/kasp-genotyping-reagents). Two no template controls (NTCs) were included on each genotyping plate. The volumes of the reagents and reaction volumes were calculated using a standard procedure given
by the manufacturer in a spread sheet found at
http://www.kbioscience.co.uk/download/index.html. The PCR plates were then
sealed with a clear seal using Fusion Laser welding system and placed into the
Hydrocycler water bath-based thermocycler where the PCR reaction was initiated. The thermocycler regimes were set at initial denaturation at 94˚C for 15
minutes followed by 10 cycles of 20s at 94˚C, annealing for 60s at touch down
temperatures declining from 65˚C - 57˚C (dropping by 0.8˚C per cycle) and extension for 10 s at 72˚C. Then another 26 cycles for 20s at 94˚C, 60 s at 57˚C and
extension for 40 s at 72˚C
(http://www.lgcgenomics.com/genotyping/kasp-genotyping-reagents/).

2.5. Plate Reading and Analysis of SNP Genotyping Data
An in point reading of KASP PCR data was done using Real time PCR machine
(RTPCR) (Applied Biosystems—http://www.appliedbiosystems.com) at between
20˚C - 40˚C in order to capture both the FAM™ and the HEX™ dye signals
(http://www.kbioscience.co.uk//KASP_manual.pdf). The data was then imported
into the Kluster Caller software
(http://www.kbioscience.co.uk/software/klustercaller) for automatic SNP calling
for each locus. Data was automatically read by the software and checked manually for errors and rescored while designating homozygous and heterozygous
clusters. Using this software, the FAM and HEX data were plotted on the x and y
axes, respectively which automatically created a genotype cluster diagram for all
genotypes at each SNP. Passive reference dye (ROX) was used to normalise the
data by dividing FAM and HEX values by the passive reference value for the particular wells, thus removing the variable of liquid volume. Genotypic classes
were then determined according to sample clusters using the FAM and the HEX
fluorescence. The presence of the same fluorescence dye signal alone (FAM)
(Red) indicated that the DNA sample was homozygous for one allele while the
HEX (Blue) dye signal alone indicated that the DNA sample was homozygous
for the other allele. A 50/50 mixture (Green) of the two dyes indicated heterozyDOI: 10.4236/ajps.2021.127077
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gous DNA samples. The Cluster data was viewed graphically using SNP Viewer
version 3.2.

2.6. Construction of Genetic Linkage Map
The map was generated based on 239 polymorphic SNPs and 228 F2 families.
The results of the SNP alleles were converted to marker data by formatting using
Microsoft excel and data analysed by ICiMapping software version 3.2 [37].
Goodness of fit test was performed using Chi-square test (p = 0.05) for the conformity to the expected Mendelian segregation ratio of 1:2:1. Markers were ordered with the regression mapping algorithm and were classified into Linkage
groups (LGs) using the grouping module at LOD thresholds of 7 - 8.0 at an increment of 0.5.
Linkage groups were determined at LOD 8.0 with a recombination frequency
smaller than 0.49 and a maximum threshold value of 5 cM for the jump. The
best marker order was determined using the “Ripple” function (value of 1). Recombination frequencies between marker loci was estimated using the maximum likelihood estimate (MLE) of the recombination fraction and converted to
map distances in centiMorgans (cM) using the Kosambi mapping function [38].

2.7. Phenotyping of F2:3 Populations in Low P Soils
Out of the 228 F2:3 progenies of the cross KML 036 X S 396-16-1 genotyped,
only 208 were evaluated at Migori site in the long rain season of 2015. The rest
did not have adequate seeds for evaluation. The experiment was laid out in a
16 × 13 resolvable alpha lattice incomplete block design replicated three times.
Sixteen genotypes were blocked together in each of the 13 incomplete blocks.
Randomization and field layout was generated by Genstat version 18 [39]. The
plants were grown in single row plots of 3 m long using a spacing of 0.75 × 0.30
m. Six weeks after sowing, all the plots were top dressed using Calcium Ammonium nitrate (CAN) at 75 kg N/ha. Weeding was done manually thrice and the
crop protected from stalk borer (Buseolafusca L.) damage using 2 - 3 granules of
Beta-cyhalothrin (Bulldock GR 0.05) at a rate of 6 kg·ha−1 applied in the whorl of
each plant after thinning. Data was scored for grain yield, plant height and ear
height from a sample of 8 plants per plot drawn from inner rows.

2.8. Statistical Analysis
Field data was analysed by Linear mixed models (REML) using Genstat version
18 to obtain means and variance components under low P among the 208 genotypes. The genotypes were considered fixed while the blocks, as random effects
when fitting the mixed model in order to determine the genotypic effects. The
genotypic mean of the F2:3 families (BLUEs-best linear Unbiased estimates)
were used for QTL analysis. The following model was fitted and used to analyse
the data
、

Y ijm =µ + ρ j + Bm( j ) + Gi + ε ijm [40]
DOI: 10.4236/ajps.2021.127077
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where Y ijm is the observation on the ijmth plot.
µ is the general mean, ρ j is the effect due to the fixed jth replication, Bm( j )
is the effect due to the mth random incomplete block nested within replicate.
Gi is the effect due to the ith genotype in the mth block, of the jth replicate.
ὲijm is the residual effect due to ijmth plot.

2.9. Estimation of Heritability
Broad sense heritability (H2) was estimated by variance components using linear
mixed models (REML) of Genstat version 18. Broad-sense heritability was calculated as follows:

=
H 2 σ g2

{σ + (σ
2
g

2
error

r

)}

2
where H2 is broad sense heritability, σ g2 is the generic variance; σ error
is the
error variance; r is the number of replicates per genotype [41].

2.10. QTL Analysis
Phenotypic mean values of 208 F2:3 families and linkage map data were used to
perform QTL analysis for plant height, ear height and grain yield. A composite
interval mapping method (CIM) [42] [43] was used in GenStat software version
18 [39]. QTL detections were performed every 5 cM along the chromosomes. In
the first step, simple interval mapping was performed and cofactors selected
[44]. For co-factor selection, F-to enter and F-to drop threshold was set at 6.0 to
avoid selecting multiple markers linked to one QTL as co-factors [22]. Using
these cofactors to reduce the residual variation, QTLs were detected using composite interval mapping (CIM) [43] where further runs were done with all
markers on chromosomes selected as co-factors in order to detect multiple QTLs
on chromosomes with greater resolutions [45]. QTL detections were performed
every 5 cM along the chromosomes and a final multi-QTL model was fitted
based on [37]. Likelihood ratio statisticts based on permutations (−log10 (P))
with LOD score of >3.0 considered significant for QTL detection [46].

3. Results and Discussion
3.1. Screening SNP Markers for Polymorphism
A total of 1250 useful SNP markers from maize genome were used to genotype
the two maize parental lines (KML 036, S 396-16-1) for polymorphism out of
which 1165 (93.2%) were reported. The remaining (85) were not included in the
analysis due weak amplication, irreproducibility in allele calling or had more
than 10% missing data. Out of the 1165 SNPs, 80 were mono-allelic and were
also excluded from the subsequent analysis hence only 1085 markers were analysed for polymorphism in the two parental lines. In the 1085 SNPs, base
changes involved A/C (182), A/G (708), A/T (68) and C/G (127) with the A/G
changes accounting for the highest (65.3%) and A/T the lowest (6.2%) of the informative SNPs (Figure 1). Results showed that only 466 SNP markers were polymorphic.
DOI: 10.4236/ajps.2021.127077
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Figure 1. Frequency of allelic base change in polymorphic SNP used to genotype.

3.2. SNP Genotyping of F2 Segregating Population
Most of the SNP markers produced three main clusters representing the two
homozygous (AA/GG & CC/TT) and one heterozygous (AG/AC/AT) genotypes
expected of F2 segregating population was used (Figure 2(a)). A total of 436
SNPs were successfully genotyped in the F2 segregating population giving a success rate of 93.2%. The remaining 30 (6.8%) SNP markers did not produce
clearly well separated clustering patterns hence were considered as technically
unsuccessful and were excluded from the analysis. Out of the 436 successful
SNPs, 52 SNP markers were considered false (failed to detect a SNP in the F2 segregating population) that grouped into a single cluster (e.g. PHM1870_20 in
Figure 2(c)). Another 125 SNPs produced only two clusters representing the
two homozygous groups (Figure 2(b)) while while 20 others had ambiguous
data points located outside these clusters (indicated by arrows in Figure 2(d))
and represented missing data.
Therefore only 239 SNPs were considered informative in the maize F2 segregating population. These results compare well with those of [34] who genotyped
768 SNPs in Chick pea (Cicer arietinum L.) recombinant inbred lines (RILs) using Illumina Golden Gate assays (GGGT) and reported similar SNP clustering
patterns. They also agree well with those of [35] who reported missing SNP data,
ambiguity, irreproducibility in allele calling in 30.7% of the SNPS they used in
diverse CIMMYT maize inbred lines. A sample view of the segregation of the
maize F2:3 in chromosomes 2 and 8 as viewed using flapjack software [47] are
shown in Figure 3.

3.3. SNP Genetic Mapping
Two hundred and thirty nine (239) markers were mapped onto the ten linkage
groups spanning 2255 centiMorgans (cM) with an average inter-marker distance
of 9.44 cM. The LGs were numbered (1 to 10) based on the common marker positions shared between corresponding LGs from previous studies [31] [35] [48].
The genetic length of the LGs ranged from 117.818 cM (LG 6) to 425.52 cM
(LG2) (Table 1). The markers were unevenly and non-randomly distributed in
the LGs with LG 8 being the most saturated (43 markers) with an average
DOI: 10.4236/ajps.2021.127077
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Figure 2. (a)-(d): Representative clustering patterns generated by the KASP SNP Genotyping assay for F2 segregating population. Red colour shows Calls that have been assigned to allele 1 (G:G/A:A/T:T). These are homozygous for one allele. Green colour shows
Calls that have been assigned to allele 1 & 2. These are heterozygous for the two allele
(G:A/A:T/G:C), Blue colour shows Calls that have been assigned to allele 2. These are
homozygous for the other allele (A:A/T:T/C:C) and Pink colour shows Calls that were not
scored because they were unreliable.

Figure 3. Flapjack image for Segregation of maize F2 genotypic data on chromosome 2. 1
represents homozygotes for parent 1 (AA/GG) while 2 homozygotes for parent 2 (CC/TT)
while 1/2, represents heterozygotes (AG/AC/AT).

marker density of 7.72 cM, whereas LG7 had the least number of markers (only
9) implying that some other potential QTLs could have been uncovered (Table
1). On an average, one linkage group contained 23.9 markers that spanned an
DOI: 10.4236/ajps.2021.127077
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Table 1. Distribution of SNP markers on the ten maize linkage groups.
Length

Number
of

Average

Median distance

95%
percentile

Cm

markers

Length
(cM)

between markers

of distances
(cM)

1

154.3

20

7.72

1.8

50.5

2

425.4

36

11.82

5.9

40.3

Linkage
group

3

138.9

27

5.14

0.5

41.1

4

243.4

20

12.17

3.1

78.2

5

118.1

22

5.37

0.7

30.4

6

117.8

21

5.61

1.2

38.7

7

413.9

9

45.99

4.1

136.6

8

331.8

43

7.72

3.3

34.8

9

145.4

26

5.59

3.2

19.1

10

166.4

15

11.09

1.7

72.9

Genome

2255.5

239

9.44

2.6

45.7

average of 94.4 cM. The median distance between markers ranged from 0.5 - 41
cM with an average of 2.6 cM.
The x2 test performed showed segregation distortion (SDST) for 37% of the
marker loci. However these markers were ﬁnally integrated into the map in order to minimize loss of genetic information related to these markers. Moreover,
the distorted markers were found to be widely distributed throughout all the LGs
even though the ratios varied from one LG to another. For example LG 6 showed
the highest distortion (8.3%) while LG 3 the least (2.1%) (Figure 4). The overall
segregation distortion of 37% observed in this study compared well with those of
[34] [49] who reported SDST of 41.3% and 42% respectively in bean population.

3.4. Phenotypic Analysis, Heritability and Correlations in
Parental and F3 Population
Means and broad-sense heritability for GYLD, PHT and EHT are presented in
Table 2. Mean performances observed in all the traits in F3 population was
higher than the parental values, which suggested transgressive segregation with
respect to parental values for all traits. This finding may also suggest the absence
of epistasis for the inheritance of these traits under low P soils (Table 2). This
study compares well with those of [50] who reported transgressive segregation
for maize hybrids under low P soils. Broad sense heritability ranged from 0.35 0.50 among the phenotypic traits studied and was highest PHT and lowest in
GYLD. The low to moderate heritability values based on family means for the
various traits (GYLD, PHT and EHT) indicate that tolerance to low P and the
measured traits are complex multi genetic factors each regarded as quantitative
trait loci (QTL) as have been suggested by [9] [22]. The low to moderate heritability under stress conditions has also been reported by [51] [52] and was generally
DOI: 10.4236/ajps.2021.127077
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Figure 4. Marker loci showing distorted segregation resulting from x2 test.
Table 2. Heritability for GYLD, PHT and EHT of maize F3 population in low P soils.
Parents
Trait

F3 segregating population

KML 036 S 396-16-1 Mean Median Lower

Upper

Mean Standard Heritability

Quartile Quartile

deviation

GYLD
(t/ha)

2.5

0.4

1.5

2.4

1.6

3.4

2.7

1.5

0.32

PHT (cm)

150

125

137.5

170

153.3

186.7

169.2

24.3

0.55

EHT (cm)

60

40

50

53.3

43.3

63.3

53.9

15.9

0.38

GYLD-grain yield, PHT-plant height, EHT-ear height.

attributed to the larger environmental component to the variance associated with
stressed environments. The findings of this study further compares well with
those of [35] who reported heritability ranging from 0.23 to 0.58 for grain yield
and anther silk interval for 18 maize bi-parental populations.
There was significant and high to moderate positive genetic correlation between GYLD, PHT and EHT (Table 3). The high positive and significant genetic
correlation between PHT and EHT (rg = 0.78**) under low P conditions may
suggest that the duo traits may be controlled by similar QTLs or those located in
the same chromosomal position. Studies by [35] reported low to medium significant genetic correlations between GYLD and anther silk interval (ASI) although
their correlations were negative because of the inverse relationship expected between grain yields and flowering characteristics. These findings also agree well
with those of [50] [53] [54] [55] who all reported significant genetic correlation
between grain yield in maize and other agronomic attributes such as plant
height, ear height and days to 50% flowering.

3.5. QTL Detection in F2:3 Populations
A total of 6 QTL were detected: 2, QTLs each for GYLD designated (CIP49 and
PZAO2454-2), PHT (C8P114 and C8P247) and EHT (C3P122 and PHM
4586-12). The QTLs were non-uniformly distributed across the chromosomes
DOI: 10.4236/ajps.2021.127077
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Table 3. Genetic correlations between grain yield pant height and Ear heights of F2:3
segregating populations.
PHT

-

EHT

0.788**

-

GYLD

0.56*

0.45*

-

PHT

EHT

GYLD

(Table 4, Figures 5(a)-(c)). For GYLD, they were located on chromosome 1 and
4 while for both PHT and EHT, the 3 QTLs were located on chromosome 8
while one for EHT on chromosome 3. Both additive and dominance gene actions contributed differentially to the observed phenotypic variance for tolerance
to low P soils with dominance contribution being more important compared to
the additive ones for majority of the QTLs. For grain yield the two QTLs increased grain yield by 173 kg/ha (additive effects) with KML 036 being the contributor of the favourable alleles resulting in the yield increase (Table 4). The 2
QTLs for plant height increased plant height by 18.14 cm while the EHT QTLs
gave an increase of 3.67 cm. For grain yield, both the high value and the dominant alleles for the 2 QTLs always came from the first parent (KML 036), however for PHT and EHT, the dominant allele was sometimes coming from the
second parent (S396-16-1). The % phenotypic variance explained by these QTLs
under low P environments had a wide range (0.242% - 53.34%) and were much
lower for grain yield compared to plant growth. These results compare well with
those of [35] who reported between 1.3% to 8.4% explained variance in maize
under drought stress conditions. It also agrees with those of [27] who reported
24% - 35% range for P utilization efficiency in maize and those of [32] who reported a range of 38% - 64% of explained variance for phosphorus efficiency
QTLs. The latter authors also identified QTLs for P acquisition efficiency and
utilization efficiency on chromosomes 1, 3, 4, 5, 7 and 8 which coincides with
the ones in the current study that were identified on chromosome 1, 3, 4 and 8.
The information presented here is useful and will guide further breeding for tolerance to low P soils.

4. Conclusions and Recommendations
A total of 6 QTLs located on chromosomes 1, 3, 4 and 8 were detected: 2 QTLs
each for GYLD, PHT and EHT. The QTLs were non-uniformly distributed
across the chromosomes and coincided with those identified in previous studies.
Both additive and dominance gene actions contributed differentially to the observed phenotypic variance for tolerance to low P soils with dominance contribution being more important compared to the additive one for majority of the
QTLs. The newly QTLs identified under low P conditions will be useful for improving maize productivity in low P soils of western Kenya. It’s recommended
that further studies be done to validate the identified QTLs in other populations
and also to further characterize the QTL loci to identify the specific genes
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Table 4. QTLs associated with low P tolerance traits their position and effects in maize F2:3 populations.
Grain yield (t/ha)
Locus

Lucus

Linkage

QTL

% Expl.

Additive

High value

Dominance

Diminant

no.

name

group

position

Variance

effects

Allele

effect

allele

20

CIP49

1

49

1.227

0.119

KML_036

0.351

KML_036

3.662

228

PZA02454_2

4

76.8

0.242

0.053

KML_036

0.339

KML_036

3.559

~−log10(P)

Plant height (cm)
462

C8P114

8

113.76

53.35

14.733

KML_036

11.092

S 396-16-1

3.29

494

C8P247

8

246.54

2.856

3.409

KML_036

10.16

KML_036

3.972

191

C3P122

3

121.81

7.075

3.016

KML_036

*

*

3.134

497

PHM4586_12

8

259.5

0.336

0.657

KML_036

3.518

S 396-16-1

3.238

Ear Height (cm)

Figure 5. (a) The genetic map of the identified grain yield QTLs: the red bulletin shows the locus name and the QTL position on
the genetic map. (b) The genetic map of the identified plant height QTLs. (c) The genetic map for EarHeight QTLs.
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responsible for tolerance to low P.
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