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Introduction 29 

Sorghum [Sorghum bicolor (L.)] is a C4 cereal crop that is productive in areas where other cereal species 30 

are not, a tribute to its inherent resilience and natural diversity (Mutengwa et al. 2005). It is one of the most 31 

important cereal crops used for food and feed in different parts of the world (Biswas et al. 2001).  The crop is well 32 

adapted to hot dry environments and regarded as a model for studying drought resistance among the grasses. It has 33 

broad ecological adaptation where it is commonly grown in diverse climates, from the dry lowland areas of the 34 

semi-arid tropics receiving very little annual precipitation, to high rainfall and humid regions, as well as in the more 35 

temperate regions of the world. 36 

It is well-known that genetically controlled variation in agronomic and other characters influence grain 37 

yield, the most important agronomic trait of sorghum (Sanchez et al. 2002). Understanding the genetic control of 38 

those traits and applying the knowledge in sorghum breeding programs might be instrumental to develop improved 39 

germplasm. Important agronomic traits in sorghum, as in most crop species, are quantitatively inherited, which 40 

complicates genetic analysis. Classical genetic studies have contributed information regarding the manner of genetic 41 

control of some of these characters (Haussmann et al. 2002). The discovery of new quantitative trait loci (QTLs) for 42 

those traits is an effective method to support sorghum improvement.   43 

Partitioning of grain yield into its component traits could help to increase the efficiency of genetic gain 44 

through selection and understand the genomic basis of local adaptation in sorghum (Zhang et al. 2015). Moreover, 45 

secondary traits including phenology and agronomic related traits have been recognized as important constituents of 46 

grain yield in sorghum (Kapanigowda et al. 2011; Blum  2005; Borrell et al. 2000) and the use of such secondary 47 

traits can improve selection efficiency (Araus et al. 2002). Plant height, flowering time, head exsertion and many 48 

other traits were reported to have association with grain yield in sorghum (Zhang et al. 2015; Feltus et al. 2006). The 49 

present study also makes use of these traits. Genetic manipulation of these traits can positively affect grain yield and 50 

could be very helpful to breeders (Yuan et al. 2008). 51 

Understanding the genetic bases of agronomic, phenological and yield related traits may accelerate 52 

sustained improvement of sorghum. Mapping QTLs that control variation in traits of agronomic importance is a key 53 

part of marker-assisted breeding. Quantitative trait locus (QTL) mapping has been useful in identifying and 54 

localizing important genomic regions controlling quantitative traits in a wide range of species (Tanksley et al. 1989). 55 

It has become a routine approach for genetic studies of complex traits in plants (Li et al. 2003). Efforts to develop 56 
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large numbers of molecular markers and high density genetic maps using bi-parental populations have become 57 

routine for many crop species, permitting one to simultaneously define gene action and breeding value at hundreds 58 

and often thousands of loci distributed across genomes. The results from such mapping studies provide greatly 59 

improved estimates of the number of loci, allelic effects and gene action controlling different traits (Yu et al. 2008 ; 60 

Holland  2007), valuable information for investigation of the genetic control of complex traits (Li et al. 2011). 61 

Genetic mapping studies using single bi-parental populations are effective in detecting QTLs but suffer 62 

from low resolution and limited allelic diversity. Because only two parents are involved in population development, 63 

QTL from single bi-parental population can only be assumed to be relevant to the cross and environment(s) in which 64 

they were mapped. Agronomic and yield related traits are very complex traits and any single bi-parental population 65 

is unlikely to segregate for all genetic loci influencing it. The identification of QTLs in different genetic 66 

backgrounds provides evidence whether a common genetic variant(s) determine those traits in different sorghum 67 

genotypes. Such common genetic variants (Meta QTLs) have broad based expression and are potential candidates 68 

for marker-assisted transfer of traits into locally adapted materials. Population-specific QTLs can also be exploited 69 

through marker-assisted pyramiding to accumulate alleles conferring wider adaptation.  70 

Several linkage mapping studies have been conducted in sorghum to dissect the genetic mechanisms 71 

controlling different traits using individual bi-parental mapping populations (Shehzad et al. 2013 ; Bibi et al. 2012;  72 

Gebisa et al. 2007; Haussmann et al. 2002;  Sanchez et al. 2002;  Kebede et al. 2001; Xu et al. 2000). As a result, 73 

genomic regions (QTLs) associated with agronomic, phonological and grain yield related traits were identified and 74 

reported (Mace et al. 2019). For example, variation in maturity has been suggested to be controlled principally by 75 

six genes (Rooney and Aydin 1999; Quinby 1966) and dwarfism by four genes (Quinby and Karper 1954) although 76 

QTL mapping studies have found many more genomic regions to influence these traits (Zhang et al. 2015; Zhang et 77 

al. 2013). Traits such as plant height, flowering time, leaf senescence and panicle weight have also been 78 

characterized using different segregating populations (Nagaraja et al. 2013; Srinivas et al. 2009; Brown et al. 2006; 79 

Hart et al. 2001). However, identification of QTL that are expressed in more than one mapping population of diverse 80 

genetic background is lacking. Keeping the above points in view, the objective of this study was to dissect the 81 

genetic architecture of grain yield and agronomic traits using linkage analysis and identify potential mechanisms of 82 

complex traits in sorghum using Ethiopian elite genetic materials. 83 

 84 
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Materials and Methods 85 

Descriptions of Experimental Sites 86 

The present study was conducted during the 2016/2017 cropping season at Kobo (Northern Ethiopia) and 87 

Meiso (Eastern Ethiopia) research stations. Meiso is located at 14°23’N, 37°46’E, at an altitude of 1394 masl and 88 

Kobo is located at 12°09’N, 39°38’E, at an altitude of 1468 masl. The study sites represent moisture stress and 89 

major sorghum producing areas in Ethiopia (MoA 1998). The monthly weather conditions of the two sites during the 90 

experimental season are presented in Figure 1. Although there was a slight difference between the rainfall received 91 

at Kobo and Mieso during the crop growth period, in both locations over 35% of the total rainfall was received 92 

within two months of the cropping season (Figure 1) suggesting that the crop experienced considerable drought 93 

stress in most of its growth stages. According to the FAO soil classification system, the major soils of Meiso are 94 

vertic cambisol and haplic luvisol. The Kobo site is mostly occupied by Eutricvertisol/Eutricfluvisol soils, and the 95 

dominant soil texture is clay (FAO 2007). 96 

Genetic materials  97 

Three mapping populations developed from crosses of 76T1-23 x Baji, Meko x Birmash and 76T1-23 x 98 

Birmash, each with 207 F2:3 lines and two parents were used for this study. The parents are contrasting for yield and 99 

other agronomic traits. The maternal parents Meko and 76T1-23 are low-yielding,  early maturing and relatively 100 

drought tolerant varieties whereas the paternal parents Baji and Birmash are high-yielding, late maturing and 101 

relatively susceptible to moisture stress. These four elite sorghum varieties belong to the caudatum race and are 102 

widely cultivated in different parts of Ethiopia. For each population, F1 seeds were obtained by crossing two parents 103 

and the F1 plants were selfed to produce a large number of F2, then F2:3 progenies were developed using single seed 104 

descent.  105 

 106 
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Experimental design and field management  107 

The experiment was laid out in a 10 x 21 alpha lattice design with two replications. Twenty one genotypes 108 

were assigned in each of the 10 incomplete blocks for all populations. The total size of a single block was 63 m2 109 

(15.75 m x 4 m). The experiment was carried out during 2016/17 cropping season. Seeds of the F3 and their parents 110 

were sown by dropping in the furrows opened by the plough in two rows, with 75 cm spacing between rows. 111 

Seedlings were thinned three weeks after sowing with 20 cm spacing between individual plants which resulted in a 112 

plant density of 40 plants per plot. The net plot size was 0.75 m x 4 m. Inorganic fertilizers, DAP and Urea were 113 

added at rates of 100 and 50 kg/ha as side dressing during sowing and three weeks after sowing, respectively. 114 

Chemicals were sprayed to protect the experiment from insect and disease damage.  In both sites, all recommended 115 

agronomic practices were followed throughout the cropping seasons.  116 

Phenotyping 117 

Data were collected for seven agronomic and yield related traits in sorghum (Tables S1, S2). Five plants 118 

between the first and last plants from the two rows were randomly chosen for recording plant based data. Days to 119 

flowering (DF) and days to maturity (DM) were the number of days from emergence to flowering and days to 120 

maturity respectively. Plant height (PH) was measured as the distance from the soil level to the tip of the main stem 121 

panicle. Panicle weight (PW) was measured as the average weight of dry and clean panicles from five randomly 122 

selected plants in grams (g). 1000-seed weight (TSW) was measured as the average weight of 1000 dried seeds in 123 

grams sampled randomly from each plot after harvesting, weighed and adjusted to a standard moisture content 124 

(12%). Grain yield per panicle (GYP): Grains harvested from five randomly selected plants of each genotype were 125 

dried, weighed and adjusted to a standard moisture content (12%) and their average was expressed in grams as grain 126 

yield per panicle. Leaf senescence (LS) was recorded by visual ratings on a scale of 1 to 5 based on the degree of 127 

leaf death at maturity on a plot basis following sorghum descriptors (IBPGR 1993). 128 

DNA extraction 129 

Leaf samples were collected from two weeks old five randomly selected seedlings and genomic DNA was 130 

extracted following the CTAB (hexadecyltrimethylammonium bromide) protocol (Maroof et al. 1984). The quality 131 

and purity of the isolated DNA was checked using agarose (0.7%) gel electrophoresis and Nano drop reading. Only 132 

high-quality DNA (of high molecular weight and non-degraded) was used for subsequent genotyping. After 133 
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checking the quality, DNA was diluted with 50 ul TE and shipped for genotyping to the Plant Genome Mapping 134 

Laboratory at University of Georgia, USA.  135 

Genotyping-by-sequencing (GBS) 136 

Marker development  137 

GBS libraries were prepared using a PstI and MspI enzyme system (Poland et al. 2012) with modifications 138 

(Dong et al. 2018). Each DNA sample was digested with the rare cutting enzyme PstI and the common cutting 139 

enzyme MspI and ligated to a unique barcoded adapter and a common adapter. Samples were pooled and the 200–140 

500 base pair (bp) size fraction was extracted from a 2% agarose gel after electrophoresis and purified using a 141 

Qiagen Gel Extraction Kit (Qiagen, Hilden, Germany). The purified DNA was PCR amplified using NEB 5X 142 

Master Mix (New England Biolabs Inc., Ipswich, MA, USA) and the PCR products were extracted as above to 143 

eliminate primer dimers. Parental DNA samples were replicated six times for sequencing so as to improve read 144 

depth and reduce missing data, which is especially important for correctly calling heterozygous loci in the progeny. 145 

All libraries were either sequenced twice on a Miseq or once on a Nextseq to increase the sequencing depth. 146 

SNP calling 147 

The reads obtained were first de-multiplexed according to the sample barcodes and adapter sequences were 148 

removed using a custom perl script. SNP discovery was performed using the GBS pipeline in TASSEL version 5.0 149 

(Bradbury et al. 2007). Minimum quality score of 10, minimum call rate of 0.8, minor allele frequency of 0.05 and 150 

kmer length of 100 bp were considered during SNP discovery. SNPs were initially called across all three 151 

populations, obtaining a total of 16064 SNPs. Then the raw SNP dataset was separated into three datasets for 152 

population 76T1-23 x Baji, Meko x Birmash and 76T1-23 x Birmash, respectively (Tables S4, S5 and S6). After 153 

calling SNPs in the Tassel GBS pipeline, SNPs were further filtered in R (version 3.2.4). The distributions of 154 

parental genomes were checked (Figure 2) and low coverage SNPs (reads ≤4) were converted into missing data to 155 

mitigate heterozygote undercalling errors. SNPs with greater than 30% missing data were discarded. Rare 156 

individuals with greater than 50% missing data, likely due to poor DNA quality, were also discarded. Goodness of 157 

fit tests were conducted after filtering out SNPs with >30% missing data. In the 1:2:1 ratio test, missing data were 158 

simply left as missing without counting for genotype classes. Markers with p < 0.05 in chi-square test were declared 159 

as segregation distorted markers. We used p = 0.001 as the cutoff to retain many statistically segregation distorted 160 
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markers to complement the biological meaning of segregation distortion. Finally a total of 2643 SNPs were retained 161 

for the three populations. Physical positions of generated SNPs were obtained based on alignment against the 162 

Sorghum bicolor genome v1.4 assembly (Paterson et al. 2009). 163 

Genetic map construction 164 

Genotypic data generated in this study was used for constructing genetic maps for each population using 165 

R/qtl (Broman 2003). For co-segregating markers (with identical genotypes), i.e. mapping to the same location 166 

without providing additional information, one was removed. Recombination fractions and LOD scores were 167 

estimated for all pairs of markers within each population. Then, the SNP markers were assigned to linkage groups 168 

(LGs) (Table S3) at a minimum logarithm of odds (LOD) score of 6 and maximum recombination fraction of 0.35. 169 

Genetic distances between SNPs within each LG were estimated using the Kosambi mapping function 170 

(Kosambi 1944). SNP orders within each LG were compared to corresponding physical positions on the S. bicolor 171 

genome assembly (Paterson et al. 2009). 172 

Data Analysis 173 

Phenotypic analysis 174 

A multi-environment analysis of variance (ANOVA) was first conducted across the two environments for 175 

each population using R software (version 5.6) to see the effects of environment, environment by genotype 176 

interaction and genotype.  As incomplete blocks contain fewer genotypes than the total number of genotypes to be 177 

compared, block adjustment was done. Given the distinct conditions across the two environments, trait best linear 178 

unbiased predictions (BLUPs) (Table S7) were used to estimate the values for each line within each environment 179 

and used for QTL analysis using a mixed linear model (Bates et al. 2015). Analysis of phenotypic data was based on 180 

the following model: 181 𝑌 = U + G + R + B(R) +  𝑒 

Where G is genotype, R is replication, B(R) is block nested within replication, error is random error. 182 

The random effects are estimated by BLUP (Wright 1968). Broad-sense heritability was calculated from an 183 

ANOVA fitting effect of genotype (G) and environment (E), as 184 

                          𝐻𝑏 =  /  185 
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Where Hb2 is broad sense heritability, σ2
G is genotypic variance, σ2

E is error variance, r is the number of replications 186 

(Nyquist  1991).  187 

QTL analysis 188 

Genotypic and phenotypic data obtained in the present study were used for QTL analysis using QTL 189 

Cartographer v.2.5 (Wang et al. 2012). Given the distinct conditions across the two environments, trait BLUPs were 190 

estimated for each line within each environment and used for QTL analysis using a mixed linear model implemented 191 

in lme4 package in R software (Bates et al. 2015). QTL analysis was performed for individual environments and 192 

across environments for the three populations separately. Composite interval mapping (CIM) was performed by 193 

selecting Model 6 with the default window size 10 cM and control marker number 5. To obtain more precise results 194 

the default walk speed was reduced to 1 cM. Finally, the location of a QTL was declared as a position where the 195 

LOD score value > 2.5 based on 1,000 permutation test (Wang et al. 2005). When two adjacent LOD peaks fell in a 196 

common support interval, only one QTL with the highest peak was considered present, and its position was taken as 197 

the location of the QTL (Dufey et al. 2012). The proportion of phenotypic variance explained by a single QTL was 198 

obtained by the square of the partial correlation coefficient (R2). Estimates of the additive effects of the QTLs were 199 

obtained by fitting a model including all putative QTLs for the respective trait (Marinoni et al. 2017). 200 

The identified QTL were designated with an italicized symbol composed of a q, a trait abbreviation, the 201 

chromosome number in which the QTL is located, a hyphen, and in cases where more than one QTL controlling a 202 

trait were detected in the same LG, they were numbered serially (Sivakumar et al. 2016). QTLs were classified as 203 

major if the phenotypic variance explained was larger than 10%, and minor when it was less than 10% (Marinoni et 204 

al. 2017). 205 

Meta QTL analysis was performed using Biomercator software v2.1 (Danan et al. 2011). All QTLs 206 

identified in the individual populations were projected on the consensus linkage map. SNP markers overlapping on 207 

at least two genetic maps were selected as anchor markers and used to integrate corresponding linkage groups on 208 

individual linkage maps. Then all QTLs identified from the three populations were projected onto the integrated map 209 

based on the chromosomal position, LOD score and proportion of phenotypic variance (R2) explained by each QTL. 210 

The lowest Akaike Information Criterion (AIC) value was used to select the best QTL model for each chromosome 211 

(Hirotugu 1974). The selected model was used to fit the distribution of the “projected QTL” onto a chromosome, 212 

and to cluster them to determine the number of QTLs underlying the distribution of the observed QTL using the 213 
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QTLclust command (Blanc et al. 2006). Finally, all the meta QTLs (mQTL) identified were compared to the 214 

Sorghum QTL Atlas database described in Mace et al. (2019). Known sorghum genes within mQTL region were 215 

also identified using adjacent markers and searched against the sorghum genome.  216 

Data availability  217 

In addition to data within this manuscript, we present supplemental files via FigShare. Table S3, contains 218 

individual linkage maps of the three populations. Table S4, Table S5 and Table S6 contain the genotypic data of the 219 

populations: 76T1-23 x Baji, Meko x Birmash and 76T1-23 x Birmash, respectively. The raw phenotypic data of the 220 

three populations: 76T1-23 x Baji, Meko x Birmash and 76T1-23 x Birmash used in the analysis are in Table S1 and 221 

Table S2. Table S7, contains BLUPs of the three populations. All supplemental data are available centrally at 222 

FigShare (https://doi.org/10.6084/m9.figshare.16652296). Raw sequencing data are available in the NCBI Sequence 223 

Read Archive under project accession BioProject ID PRJNA687679. Data analysis scripts have been deposited to 224 

GitHub (https://github.com/hxdong-genetics/Ethiopian-Sorghum-F3).  225 

Results 226 

Phenotypic variation and heritability  227 
 228 

In this study, the analysis of variance of each population showed that, all seven traits were significantly 229 
affected by genotype and genotype-by-environment interaction. In the two environments, average flowering of the 230 
F2:3 populations occurred earliest from population 76T1-23 x Baji at Kobo (67 days) after emergency while late 231 
flowering was from population Meko x Birmash at Kobo (83 days) (Table 1). Overall, population 76T1-23 x Baji 232 
flowered approximately 13 days earlier than population Meko x Birmash and close to population 76T1-23 x 233 
Birmash. Similarly, early maturity was registered from population 76T1-23 x Baji, followed by 76T1-23 x Birmash 234 
and Meko x Birmash. Average grain yield per panicle ranged from 43.92 g for population 76T1-23 x Birmash to 235 
57.61 g for population 76T1-23 x Baji, while the mean of TSW ranged from 16.83 to 26.11. Population 76T1-23 x 236 
Baji had better average grain yield performance followed by 76T1-23 x Birmash and Meko x Birmash. Lower leaf 237 
senescence was recorded from population 76T1-23 x Baji, followed by 76T1-23 x Birmash and Meko x Birmash. 238 
Similarly, population Meko x Birmash grew significantly taller at Meiso with an average height of 175.85 cm while 239 
the shortest plant height was 137.92 cm registered from population 76T1-23 x Baji. 240 

The estimated heritability of traits was higher than 0.39 in all three populations (Table 1). Heritability 241 
estimates ranged from 0.39 to 0.88, with GYP presenting the lowest heritability (0.39-0.62). The heritability of days 242 
to maturity (0.55-0.75) was consistently higher than that of GYP, but lower than those of days to flowering (0.67-243 
0.88) and 1000-seed weight (0.69-0.82) across the three populations. High broad sense heritability was also recorded 244 
for plant height (0.60-0.74).  245 

 246 
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QTL Identification within Populations 247 

A total of 16064 SNP markers were scanned and resulted in 747, 767 and 1129 high quality SNPs that fit 248 
the expected 1:2:1 distribution ratio in F2:3 lines, and were polymorphic between the two parents of the populations 249 
76T1-23 x Baji, Meko x Birmash and 76T1-23 x Birmash, respectively. Based on these markers, three linkage maps 250 
were constructed (Figure 3) with average interval sizes of 1.99, 2.23 and 1.59 cM for 76T1-23 x Baji, Meko x 251 
Birmash and 76T1-23 x Birmash, respectively. 252 

A total of 105 putative QTLs (27, 42 and 36 from the three populations, 76T1-23 x Baji, Meko x Birmash 253 
and 76T1-23 x Birmash, respectively) were identified for seven agronomic traits over the two environments. The 254 
Meko x Birmash population provided higher numbers of QTLs (42) than the other two populations. The QTLs 255 
related with traits and their relative positions on each chromosome were detected in all chromosomes. However, 256 
most QTLs were concentrated on Chrs. 1, 3, 4, 5, 6, 8 and 9. Quantitative trait loci (QTLs) detected for drought 257 
tolerance related traits and their QTL information are summarized and presented in Tables 2-4. 258 

For days to flowering (DF), a total of eleven QTLs were detected from the three populations over the two 259 
environments with two each on Chrs. 3, 7, 8, and 10 and one each on Chr. 2, 3 and 5.  Two significant QTLs (qDF4-260 
1and qDF7-1) were identified at Meiso on Chr. 4 and 7 which accounted for 16 % of the total phenotypic variance. 261 
Similarly, one major QTL (qDF2-1) explaining 13 % of the total phenotypic variance and four other minor QTLs 262 
were detected on Chrs. 3, 4, 8 and 9 for days to flowering from Meko x Birmash population. These QTLs had 263 
additive effects that ranged from -1.09 to 1.78 and dominance effects that ranged from -2.60 to 2.65 respectively, in 264 
total explaining 65.16% of phenotypic variance. Favorable alleles for 7 QTLs with negative additive effects came 265 
from 76T1-23 (6 QTLs) and Meco-1 (1 QTL), with those for 4 QTLs with positive additive effects from Birmash. 266 
From population 76T1-23 x Birmash, five significant QTLs were identified over the two locations for days to 267 
flowering on Chrs. 5, 7, 8 and 10. These QTLs explained a cumulative phenotypic variance of 35.37 %. The largest 268 
effect QTL on Chr. 7, qDF7-1 explained 13% of the total phenotypic variance. 269 

For days to maturity (DM), eight QTL were identified on Chrs. 3, 4, 5, 6 and 9 over the two environments 270 
from the Meko x Birmash population. The phenotypic variation explained by each QTL ranged between 4% and 271 
18%, collectively accounting for 67.68 % of the total phenotypic variation. These QTLs had additive effects ranging 272 
from -1.88 to 2.23 and dominance effects ranging from -2.60 to 2.58. Favorable alleles for 3 QTLs with negative 273 
additive effects came from Meco-1, with those for 5 QTLs with positive additive effects were from Birmash. The 274 
largest effect QTLs are qDM1-1 and qDM6-1, explaining 18% and 12% of the total phenotypic variance. A days to 275 
flowering (qDF9-1) and days to maturity (qDM9-2) QTL were co-located on Chr. 9 from Kobo. Relatively fewer 276 
QTLs were detected from populations 76T1-23 x Birmash and 76T1-23 x Baji than from Meko x Birmash. Four 277 
QTLs were identified at Meiso and Kobo on Chrs 3, 4, 6 and 9 with LOD scores of 3.26, 2.83, 4.20 and 4.30 278 
respectively; explaining 28.14 % of the cumulative phenotypic variance from population Meko x Birmash. 279 
Meanwhile, two significant QTLs on Chr. 4 and 10 at Kobo with varying magnitude of effects were detected from 280 
population 76T1-23 x Baji. These QTLs had an additive effect that ranged from 0.86 to 1.21 and dominance effects 281 
that ranged from -2.61 to -1.38.  282 
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For plant height (PH), two major and three minor QTLs were detected on Chrs. 2, 3, 5, 6 and 7 from the 283 
individual environment QTL analysis in population 76T1-23 x Baji. These QTLs had additive effects that ranged 284 
from -5.38 to 15.34 and dominance effects that ranged from -7.25 to 10.13. The phenotypic variance accounted by 285 
these QTL was 55.65 %. Favorable alleles for 3 QTLs with negative additive effects derived from 76T1-23, with 286 
those for 2 QTLs with positive additive effects from Baji. In addition, one region on Chr. 1 showed one major QTL 287 
(qPH1-1) strongly associated with plant height from the pooled analysis. The favorable allele for qPH1-1 came from 288 
76T1-23. Six QTLs were detected for plant height on Chrs. 2, 3, 5, 6 and 10 from the individual environments in 289 
population Meko x Birmash, collectively explaining 49.04% of phenotypic variance. Regions on Chrs. 5 and 6 290 
showed relatively larger effect on plant height and were consistently identified under both environments. From 291 
population 76T1-23 x Birmash, two major and three minor QTLs were detected for plant height on Chrs. 2, 4, 5, 6, 292 
and 9 at Meiso and Kobo. Two of the largest effect QTLs qPH6-1and qPH2-1were identified on Chr. 6 and 2, 293 
respectively explaining 37 % the cumulative phenotypic variance.  294 

Ten QTLs were strongly associated with grain yield per panicle (GYP) on Chrs. 2, 3, 6, 7 and 8 in the 295 
Meko x Birmash population, more than that of the other two populations. Two QTLs (qGYP6-1 and qGYP7-1) were 296 
consistently detected over the two environments, and seemed to be particularly important for determining grain yield 297 
per plant under moisture stress conditions. A significant QTL qGYP6-1 was detected on Chr. 6 from the two 298 
populations explaining a cumulative phenotypic variance of 17%. Five QTLs on Chrs. 2, 4 and 6 were identified for 299 
grain yield across the two environments from population 76T1-23 x Baji. A QTL (qGYP6-1) from Meiso on Chr. 6 300 
was co-located with QTL qPW6-2 for panicle weigh from Kobo. From population 76T1-23 x Birmash, four QTLs 301 
were detected over the two environments, one (qGYP3-1) being consistently identified on Chr. 3 under the two 302 
environments explaining a cumulative phenotypic variance of 31.96%. The QTL (qGYP3-1) with the largest effect 303 
on Chr. 3, explained 24% of the total phenotypic variance.  Favorable alleles for 8 QTLs with negative additive 304 
effects came from 76T1-23 (4 QTLs) and Meco-1 (4 QTLs), with those for 9 QTLs with positive additive effects 305 
from Baji (2 QTLs) and Birmash (8 QTLs). 306 

For leaf senescence, a total of 14 QTLs were identified from the three populations over the two 307 
environments. The QTL qLS1-1 on Chr. 1 was consistently identified in the two environments on exactly the same 308 
position from population 76T1-23 x Birmash, accounting for 19.03% of the total phenotypic variation. A significant 309 
QTL qLS2-1on Chr. 2 was also stable in the two environments and co-located with QTL qTSW2-1 for TSW. Almost 310 
all the QTLs had negative additive effects except one; indicating that alleles for lower leaf senescence for this trait 311 
was contributed by the parent 76T1-23, as expected. Four QTLs (one major and three minor) on Chrs. 6, 1 and 5 312 
were identified from population 76T1-23 x Baji, accounted for 17.03% of the total phenotypic variation. From 313 
population Meko x Birmash, five significant QTLs were identified at Meiso for LS on Chrs. 2, 3, 5 and 10 with 314 
LOD scores ranging from 2.82 to 5.2, collectively accounting for 28.28 % of the total phenotypic variance. Only one 315 
QTL (qLS3-1) was identified on Chr. 3 from the combined data, which mapped close to qLS3-1 from Meiso.  316 

For panicle weight per plant (PW), four QTLs were identified on Chrs. 2, 3, 5 and 6 from individual 317 
environments in population 76T1-23 x Baji. The QTLs for panicle weight at Kobo and Mieso were different. One 318 
major QTL (qPW2-1) was identified on Chr. 2 from Kobo explaining 25 % of the phenotypic variation. Three QTLs 319 
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were identified on Chrs. 2, 3 and 8 for panicle weight per plant from population Meko x Birmash. In addition, one 320 
major QTL was identified on Chr. 3 explaining 12% of the phenotypic variations with LOD score of 3.35 from 321 
Mieso. More QTLs were detected for panicle weight from population76T1-23 x Birmash than from the two other 322 
populations, with nine QTLs identified on Chrs. 3, 4, 5, 6, 7, 8 and 10 in the two environments. The QTLs had 323 
additive effects that ranged from -6.33 to 7.91, dominance effects that ranged from -7.56 to 7.86, with phenotypic 324 
variance of 61.83%. Favorable alleles for 5 QTLs with negative additive effects came from 76T1-23, with those for 325 
4 QTLs with positive additive effects from Birmash. QTLs qPW3-2 on Chr. 3 at Kobo coincided with grain yield 326 
QTL qGYP3-1at Meiso.  327 

For 1000- seed weight (TSW), a total of 12 QTLs were identified from the three populations over the two 328 
environments. The QTLs were mainly concentrated on Chrs. 2, 5, 6, 8 and 10. The QTL (qTSW8-1) on chromosome 329 
8 was consistently detected in the two environments in population 76T1-23 x Baji. Four QTLs were detected from 330 
population Meko x Birmash, of which two of the QTLs (qTSW7-1 and qTSW8-1) were consistently detected over the 331 
two environments in population 76T1-23 x Birmash in an over lapping positions. Five QTLs were detected from 332 
population 76T1-23 x Baji. These QTLs explained a cumulative phenotypic variance of 40.10%. The largest effect 333 
QTL on Chr. 8, qTSW8-1 explained 11.12% of the total phenotypic variance. The QTL had additive and dominance 334 
effect of 3.32 and -1.55, respectively. Favorable alleles for 7 QTLs with negative additive effects came from 76T1-335 
23, with those for 5 QTLs with positive additive effects from Birmash. 336 

 337 

Meta QTL Mapping (mQTL)  338 

All QTLs identified from individual populations were projected on the consensus map for meta-QTL 339 
analysis (Figure 4). The meta-analysis reduced the total number of QTLs from 105 to 25 (Table 5). Five of these 340 
mQTLs were specific to grain yield per panicle, five to days to maturity, four to days to flowering, three to plant 341 
height, four to panicle weight and the remaining four to leaf senescence. These QTLs were mainly concentrated on 342 
Chrs. 2, 3, 4, 5, 6, 7, 9 and 10. The number of mQTL identified on each chromosome varied from 2 on Chr. 7 to 5 on 343 
Chr. 3, with an average of 3.12. The mean phenotypic variance explained by each mQTL varied from 6.94 to 344 
16.00% and the overall average was 10.90%. 345 

For grain yield per panicle, five mQTLs were identified on Chrs. 2, 3, 5 and 6, explaining a cumulative 346 
52.33% of phenotypic variance. The regions on these chromosomes harbored QTL shared by two populations. Five 347 
mQTLs for days to maturity and four mQTLs for days to flowering were detected on Chrs. 2, 3, 4, 7, 9 and 10. For 348 
leaf senescence, four mQTLs were identified on Chrs. 3, 5, 7 and 10, explaining a cumulative 41.57% of phenotypic 349 
variance. A total of 3 mQTLs were detected for plant height distributed on Chrs. 2, 5 and 6, explaining a cumulative 350 
28.46% of phenotypic variance. Four mQTLs were detected for panicle weight on Chrs. 3, 5 and 6 with the lowest 351 
and highest variance of 6.94 and 13.13%, respectively. Meta QTLs were detected on almost all chromosomes for 352 
various traits, however; Chr. 5 harbored mQTL for leaf senescence, plant height, grain yield per panicle and panicle 353 
weight.  354 

 355 
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Discussion 356 
 357 

In order to uncover genomic regions associated with agronomic traits including grain yield, we developed 358 
three interconnected bi-parental (F2:3) mapping populations by crossing four parents and evaluated them using the 359 
same phenotyping protocol. Meko-1 and 76T1-23 are early maturing and relatively drought tolerant varieties 360 
whereas the paternal parents Baji and Birmash are high-yielding, late maturing and relatively susceptible to moisture 361 
stress.  The studied traits showed allele distribution in both directions, indicating that both parents contributed 362 
favorable alleles for the traits to some degree for example, as found by Paterson et al. (1988). Only one trait, reduced 363 
leaf senescence, showed a striking bias of allele distribution, with 13 of the 14 favorable alleles coming from the 364 
early maturing 76T1-23.  365 

In our study, the estimated heritability of all seven traits was high (>0.39) in all three populations. High 366 
broad sense heritability were recorded for plant height, days to flowering and 1000-seed weight across all 367 
populations, indicating that most phenotypic variation appeared to be genetically determined. However, the detected 368 
QTLs together explained small portions of the phenotypic variation for some traits, while the heritability values 369 
were higher, suggesting that all the genetic variation is not explained by those QTL. Several assumptions may 370 
support these results. The small size of the population and sample size used in this study may lead to an 371 
underestimation of QTL numbers, an overestimation of QTL effects, and biases in the estimated proportions of the 372 
variance. Thus, some QTL with low individual effects may remain undetected (Vales 2005; Utz et al. 2000). 373 

 374 

The diversity of QTLs among the three populations illustrates the importance of using 375 
multiple populations in QTL studies 376 
 377 

Relatively more QTLs were detected in the Meko x Birmash population than that of 76T1-23 x Baji, and 378 
76T1-23 x Birmash, with 40.00 % of the QTL for yield and drought tolerance related traits identified from this 379 
population, perhaps due to the relatively higher genetic distance between the two parents. In comparison, the 76T1-380 
23 x Baji and 76T1-23 x Birmash populations contributed fewer QTLs (25.71% and 34.28 % of the total, 381 
respectively). The observation that each population contributed QTLs for drought tolerance related traits further 382 
supports the importance of using multiple populations for QTL studies that involve complex traits. Agronomic traits 383 
are a complex traits and its genetic architecture is expected to involve multiple loci and potentially multiple alleles at 384 
each locus (Yu et al. 2008). Hence, any single bi-parental population is unlikely to segregate for all genetic loci 385 
influencing the trait.  386 

In the present study, fewer associations were detected above the significance threshold for DF than the 387 
other yield related traits, which suggests that variation in DF is controlled by either fewer larger-effect loci or true 388 
associations failed to reach the significance level. A highly significant peak (qDF7-1) on Chr.7 for DF was found in 389 
an overlapping position with previously reported QTLs such as QDTFL7.14 (Higgins et al. 2014) and QDTFL7.18 390 
(Bouchet et al. 2017).Two of the flowering QTLs; qDF4-1and qDF8-1 were also detected in the same position with 391 
previously reported QTLs QDTFL4.21 (Felderhoff et al. 2012) and QDTFL8.19 (Wang et al. 2014a), respectively. 392 
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The identification of these consistent QTLs in different genetic backgrounds provides evidence that common genetic 393 
loci exist in these regions which determine flowering time in sorghum. Overall, there is a possibility that the primary 394 
QTLs responsible for flowering time in sorghum under moisture stress might be located on Chrs. 2, 4, 7, 9 and 10; 395 
and the QTLs may also refer to the same genomic regions. 396 

The largest effect QTL (qDM6-1) for days to maturity was detected in different genetic backgrounds with 397 
stable expression, explaining 12% of the total phenotypic variance. It was detected at 9.4 kb downstream of the 398 
putative Ma6 gene on Chr. 6, a repressor gene of flowering in long days (Murphy et al. 2014). Several studies have 399 
also reported QTLs controlling maturity in sorghum near this position (Shazia et al. 2013; Nagaraja et al. 2013; 400 
Yousra et al. 2011). Three significant QTLs with varying magnitudes of effect were detected consistently on Chrs. 3, 401 
4 and 6 in two populations. The consistency of these QTLs across the two environments and higher phenotypic 402 
variance explained provides added confidence in their real value for future breeding work. However, a few QTLs 403 
were located at positions not previously associated with maturity, perhaps representing novel QTLs that were not 404 
previously known to play a role in drought tolerance. A days to maturity QTL (qDM9-2) and days to flowering QTL 405 
(qDF9-1) were mapped almost to the same region/co-located on Chr. 9, indicating that these two traits could be 406 
controlled by the same gene or genes located close to each other (Zhang et al. 2013). The co-localization of QTLs 407 
for these two important traits suggests that improvement of DF may also result in enhanced maturity under drought 408 
stress.  409 

A highly significant GYP QTL (qGYP3-1), on Chr.3 was consistently identified in the two environments 410 
and overlapped with previously reported QTLs such as QGYLD3.14 (Hufnagel et al. 2014) and near to QGYLD3.16 411 
(Nagaraja et al. 2014). Another region with strong evidence of effect on GYP is on Chr. 6 (qGYP6-1), overlapping 412 
with QGYLD6.27 (Gelli et al. 2016) and QGYLD6.21(Sukumaran et al. 2016) previously reported. Despite the 413 
complex genetic architecture of grain yield, this comparison provided evidence for the presence of stable QTLs 414 
across different environments and genetic backgrounds. Five QTLs for yield and its component traits are clustered 415 
with positive alleles contributed from parents Baji and Birmash, possibly indicating roles of pleiotropic genes in the 416 
expression of all these traits. Fine mapping of this locus is necessary to identify the causative gene(s). Several 417 
population-specific QTLs were also detected from the three populations which could be exploited through marker-418 
assisted QTL pyramiding to accumulate alleles conferring wider adaptation to similar environments.   419 

A QTL (qLS2-1) for leaf senescence on Chr. 2 was consistently identified in two environments exactly at 420 
the same position in population 76T1-23 x Birmash. Similarly, Almeida et al. (2014) detected two large-effect QTLs 421 
on Chr. 2 (195.55–195.93 Mb) and Chr.10 (120.54–146.55 Mb) for LS, explaining sizeable phenotypic variance (13 422 
and 21%, respectively). These QTL were detected near to the present QTLs, indicating the importance of these 423 
regions in controlling leaf senescence. Moreover, some QTLs identified for LS were co-located with DF and DM 424 
QTLs that were consistently identified in more than one location from previous studies (Johnson et al. 2015;Tao et 425 
al. 2000), suggesting that these QTL can also be considered consistent since these were highly related. Recently, two 426 
QTLs on Chrs. 10 and 4 explaining 10.5% and 12% of the phenotypic variance, respectively were reported 427 
(Nagaraja et al. 2014;Tao et al. 2000), which supports the present findings. Different researchers have also reported 428 
QTLs for LS on the same linkage group which could be the same gene although it is difficult to match both regions 429 
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due to lack of common markers. Therefore, there is an indication that QTLs responsible for leaf senescence could be 430 
located on Chrs. 2 and 10 based on the observations from individual population QTL analysis. 431 

 432 

A reliable mQTLs were detected for gene cloning and MAS in sorghum 433 

The three independent genetic mapping studies generated 105 QTLs associated with seven traits, 434 
distributed over ten chromosomes. Since all three mapping populations were segregating for the traits, it was 435 
worthwhile placing all QTL identified in the individual maps onto the consensus map. The map positions of those 436 
QTLs detected from the three populations were variable due to many factors including genetic background and 437 
population size, exemplifying that a single study can only be taken as suggestive, unless it is based on a large set of 438 
experiments. Meta QTL analysis helps to identify the most precise and concise QTLs based on the result from 439 
individual populations that can be further pursued for MAS or to predict candidate genes. The meta-analysis reduced 440 
the total number of QTLs from 105 to 25 mQTLs. The reduction in QTL number could be because of the reduction 441 
in the length of the mean confidence interval from the individual QTLs to the meta-QTLs.  442 

The reliability of our mQTL was supported by high correspondence with previously reported QTLs. 443 
Compared with QTLs in the Sorghum QTL Atlas database described in Mace et al. (2019) revealed that 19 of the 25 444 
mQTLs overlapped with previously identified QTLs. Among days to flowering mQTLs; mqDF4-1 and mqDF7-1 445 
overlapped with previously reported QDTFL4.21 (Felderhoff et al. 2012) and QDTFL7.15 (Higgins et al. 2014), 446 
respectively. Three mQTLs for grain yield per panicle were located in regions that harbor QGYLD2.16 (Sabadin et 447 
al. 2012), QGYLD3.11 (Phuong et al. 2013) and QGYLD3.15 (Ritter et al. 2008). For days to maturity, mqDM4-1 is 448 
overlapped with previously reported QDTFL4.20 (Sangma 2013) and QDTFL4.21 (Felderhoff et al. 2012).These 449 
results suggest that mQTLs detected in our study are highly reliable when used for gene cloning and MAS. 450 

Several mQTLs were detected near known sorghum maturity genes. The most significant mQTL (mqDM6-451 
1) for days to maturity was detected 1.2 kb upstream of the putative Ma6 gene (CONSTANS-like 4; 452 
Sobic.006G004400) on Chr. 6. Ma6 was tentatively identified as SbGHD7, a repressor of flowering in long days 453 
(Murphy et al. 2014). Two significant peaks, one for days to flowering (mqDF7-1) and other for leaf senescence 454 
(mqTSW7-1) were detected near the DREB1A gene (Sobic.007G181500), which encodes a dehydration-responsive 455 
element-binding transcription factor on Chr. 7 ((Liu et al. 1998).The mQTL peaks were located 1117.20kb and 456 
11.45kb upstream of the gene, respectively. One association for GYP (mqGYP3-2) was only 215.78 kb from P5CS2, 457 
a gene that encodes an enzyme responsible for proline biosynthesis (Kishor et al. 1995), and was found to be highly 458 
expressed in a stay green sorghum line compared with a senescent line (Johnson et al. 2015). Another peak 459 
association for leaf senescence (mqLS3-1), was only 151.13kb away from SbGI (Harmon et al. 2018), encoding a 460 
Gigantea protein (GI) involved in flowering time control and a wide range of other physiological activities.  461 

From the present study associations near to Ma6 were detected, a major flowering gene in sorghum, 462 
implied the usefulness of these populations and associated data. In addition, several associations were detected near 463 
to known sorghum maturity genes DREB1A gene, which encodes a dehydration-responsive element-binding 464 
transcription factor (Liu et al.1998), P5CS2, a gene that encodes an enzyme responsible for proline biosynthesis 465 
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(Kishor et al. 1995) and SbGI (Harmon et al. 2018), a gene that encode a Gigantea protein (GI) involved in a wide 466 
range of physiological activities. Hence, this is a confirmation for the reliability of the QTLs detected in our study 467 
when used for gene cloning and MAS. 468 

We also identified several associations that did not appear to be associated with previously reported QTLs 469 
or known candidate genes, and may represent novel genes not previously known to play a role in determining those 470 
traits. Alternatively, some might be explained by structural variation in the sorghum genome, resulting in annotated 471 
genes from the reference genome being in different genomic locations within the sorghum F2:3 populations, thus 472 
putting the association peaks in new locations. Those consistent QTLs, which can be regarded as hotspots with 473 
agronomical importance, are attractive regions for further study to identify closely-linked DNA markers for the 474 
causative genes involved in the genetic control of drought tolerance for candidate gene analysis and marker-assisted 475 
breeding. 476 

Conclusion 477 

We identified 105 QTLs responsible for sorghum yield and drought tolerance related traits using three 478 
connected populations grown under moisture stress conditions. By constructing a consensus linkage map, 25 479 
mQTLs were identified that are common across the three genetic backgrounds. We confirmed the reliability of these 480 
associations through multi-faceted analyses, including comparing to previous QTLs and known genes. Several 481 
mQTLs were detected near known sorghum maturity genes and QTLs previously reported. In the future, it is of 482 
great interest to clone genes underlying mQTL regions and uncover molecular mechanisms of sorghum drought 483 
tolerance. 484 

Acknowledgement 485 

This work was funded by the United States Agency for International Development (USAID) Bureau for 486 
Resilience and Food Security under Agreement #AID-OAA-A-13-00044 as part of Feed the Future Innovation Lab 487 
for Climate Resilient Sorghum. Any opinions, findings, conclusions, or recommendations expressed here are those 488 

of the authors alone. 489 

Author contributions:  490 

TB conducted the field experiments, conducted the QTL analysis, prepared the manuscript and developed 491 
the mapping populations. KB and AHP conceived the study, oversaw the development of the populations, designed 492 
the experiments, led and managed different aspects of the research, and guided & edited the writing of the entire 493 
manuscript. HD conducted the QTL analysis, performed the genotyping work, provided guidance on data analysis. 494 
AG and MG managed the field experiments and collected phenotypic data. All authors read and revised the 495 
manuscript. 496 

Conflict of interest  497 

The authors declare that they have no conflict of interest. 498 

 499 

 500 



17 
 

References 501 
 502 
Alam S, Asghar A, Qamar IA, Arshad M, Sheikh M (2001) Correlation of economically important traits in 503 

sorghum bicolor varieties. Journal of Biological Science 1:330-331. 504 
 505 
Almeida G,   Sudha  N,  Aluízio B, Jill  C,  Samuel  T et al. (2014) Molecular mapping across three populations 506 

reveals a QTL hotspot region on chromosome 3 for secondary traits associated with drought tolerance in 507 
tropical maize. Molecular Breeding  34: 701–715.  508 

Araus JL, Slafer GA, Reynolds  MP, Royo C (2002) Plant breeding and drought in C3 cereals: what should we 509 
breed for? Annals of Botany 89: 925-940. 510 

Bates C, Kundzewicz Z, Palutikof S (2015) Climate Change and Water. Technical Paper for the 511 
Intergovernmental Panel on Climate Change. IPCC Secretariat, USA. 512 

Bibi H, Sadaqat A, Tahir N, Akram H (2012) Screening of sorghum (sorghum bicolor var moench) for drought 513 
tolerance at seedling stage in polyethylene glycol. Journal of Animal and Plant Science 22: 671-678.  514 

Biswas K, Hasanuzzaman M, Taj F, Alam M, Amin M (2001) Simultaneous selection for        fodder and grain 515 
yield in sorghum. Journal of Biological Science 1:321-323. 516 

Blanc G, Charcosset A,  Mangin B et al. (2006) Connected populations for detecting quantitative trait loci and 517 
testing for epistasis: an application in maize. Theoretical and Applied Genetics 113, 206–224. 518 

Blum A (2005) Drought resistance, water-use efficiency, and yield potential—are they compatible, dissonant, or 519 
mutually exclusive? Crop Pasture Science 56:1159-1168. 520 

Borrell AK, Hammer GL (2000) Nitrogen dynamics and the physiological basis of stay green in sorghum. Crop 521 
Science 40: 1295-1307. 522 

Bouchet S, Pot D, Deu M, Rami JF, Billot C et al. (2017) Genetic structure, linkage disequilibrium and signature 523 
of selection in sorghum: Lessons from physically anchored DArT markers. PLoS ONE 17: 1371-1379. 524 

Bradbury P, Zhang Z, Kroon D, Casstevens T, Buckler E (2007) TASSEL: Software for association mapping of 525 
complex traits in diverse samples. Bioinformatics 23:2633-2635. 526 

Broman K, Wu H, Sen S, Churchill G (2003) R/qtl: QTL mapping in experimental crosses. Bioinformatics 19: 527 
889–890. 528 

Brown PJ, Klein PE, Bortiri E, Acharya CB, Rooney WL et al. (2006) Inheritance of inflorescence architecture in 529 
sorghum. Theoretical and Applied Genetics 113: 931–942. 530 

Chahota RK, Kishore N, Dhiman KC, Sharma TR, Sharma SK (2007) Predicting transgressive segregants in early 531 
generation using single seed descent method-derived micromacrosperma gene pool of lentil (Lens culinaris 532 
Medikus). Euphytica 156:305-310. 533 

Danan S, Jean-Baptiste V, Veronique L (2011) Construction of a potato consensus map and QTL meta-analysis 534 
offer new insights into the genetic architecture of late blight resistance and plant maturity traits. BMC Plant 535 
Biology 11:16-21. 536 

Dong H, Liu S, Clark L, Sharma S, Gifford J et al (2018) Genetic mapping of biomass yield in three 537 
interconnected Miscanthus populations. GCB Bioenergy 10: 165-185. 538 



18 
 

Dufey L, Hiel MP, Hakizimana P, Draye X, Lutts S et al. (2012) Multi-environment quantitative trait loci and 539 
consistency across environments of resistance mechanism to ferrous iron toxicity in rice. Crop Science 540 
52:539-550 541 

FAO (2007) Food and Agriculture Organization of the United Nations. Food Outlook: Global Market Analysis, 542 
Rome.130p. 543 

Felderhoff TJ,  Murray SC, Klein PE, Vermerris W,  Rooney WL (2012) QTLs for Energy‐related Traits in a 544 
Sweet × Grain Sorghum Mapping Population. Crop science 52:2040-2049. 545 

Feltus  F, Hart G,  Schertz K, Casa A, Kresovich S et al., (2006) Alignment of genetic maps and QTLs between 546 
inter- and intra-specific sorghum populations. Theoretical and Applied Genetics 112:1295–1305. 547 

Gabisa E, Goldsbrough M, Tuinstra E, Grote A, Menkir A et al., 2007 Application of molecular markers in plant 548 
breeding. Ibadan, Nigeria, 16-17pp.  549 

Gelli M,  Mitchell SE, Liu K, Clemente TE,  Weeks DP,  Zhang C et al. (2016) Mapping QTLs and association of 550 
differentially expressed gene transcripts for multiple agronomic traits under different nitrogen levels in 551 
sorghum. BMC Plant Biology, 16:32-45. 552 

Harmon FG, Chen J,  Xin Z, (2018)  GIGANTEA promotes sorghum flowering by stimulating floral activator gene 553 
expression. doi: https://doi.org/10.1101/427492 554 

 555 
Hart GE, Schertz KF, Peng Y, Syed NH (2001) Genetic mapping of Sorghum bicolor (L.) Moench QTLs that 556 

control variation in tillering and other morphological characters. Theoretical and Applied Genetics 103:1232–557 
1240. 558 

Haussmann H, Mahalakshmi B, Reddy V, Seetharama B, Hash N et al. (2002) QTL mapping of stay-green in two 559 
sorghum recombinant inbred populations. Theoretical and Applied Genetics 106:133–142. 560 

 561 
Higgins RH, Thurber CS, Assaranurak I, Brown PJ (2014) Multiparental mapping of plant height and flowering 562 

time QTL in partially isogenic sorghum families. G3 Genes|Genomes|Genetics 4: 1593–1602. 563 
 564 
Hirotugu A (1974) A new look at the statistical model identification. IEEE Transactions on Automatic Control 565 

19:716-723. 566 

Holland J (2007) Genetic architecture of complex traits in plants. Current Opinion in Plant Biology 10: 156–161. 567 

Hufnagel B, Sylvia M, Sousa S, Lidianne A,  Claudia T et al., 2014  Duplicate and Conquer: Multiple Homologs 568 
of PHOSPHORUS-STARVATION TOLERANCE1 Enhance Phosphorus Acquisition and Sorghum Performance on 569 
Low-Phosphorus Soils.https://doi.org/10.1104/pp.114.243949 570 

 571 
IBPGR (1993) Descriptors for Sorghum (Sorghum bicolor (L.) Moench). International Board for Plant genetic 572 

resources, Rome, Italy; International Crops Research Institute for Semi-Arid Tropics, Patancheru, India. 38p. 573 

Johnson HW, Robinson HF, Comstock RE (1955) Estimates of genetic and environmental variability in soybeans. 574 
Agronomy Journal, 47: 314-318. 575 

Johnson  SM, Cummins I, Lim FL, Slabas AR, Knight MR (2015) Transcriptomic analysis comparing stay-green 576 
and senescent Sorghum bicolor lines identifies a role for proline biosynthesis in the stay-green trait. Journal 577 
of Expermantal Botany 66: 7061–7073. 578 



19 
 

Kadam DE, Kulkarni VM, Katule BK, Patil SV (2002) Combining ability studies in Rabi sorghum Sorghum 579 
bicolor L Moench under rainfed condition. Advances in plant sciences 20: 39-41. 580 

Kapanigowda MH (2011) Quantitative trait locus (QTL) mapping of transpiration efficiency related to pre-flower 581 
drought tolerance in sorghum [Sorghum bicolor (L.) Moench]. Dissertation, Texas A&M University, Texas, 582 
USA. 583 

Kebede  H, Subudhi P, Rosenow D, Nguyen H (2001) Quantitative trait loci influencing drought tolerance in grain 584 
sorghum (Sorghum bicolor L. Moench). Theoretical and Applied Genetics 103:266–276. 585 

Kishor PB, Zonglie H, Guo-Hua M, Hu A, Verma DP (1995) Overexpression of delta1-pyrroline-5-carboxylate 586 
synthetase increases proline production and confers osmotolerance in transgenic plants. Plant Physiology108: 587 
1387–1394. 588 

Kosambi D (1944) The estimation of map distance from recombination values. Annals of Eugenics 12:172–175. 589 

Li Y, Yang M, Dong Y, Wang Q, Zhou Y et al. (2011) Three main genetic regions for grain development 590 
revealed through QTL detection and meta-analysis in maize. Molecular Breeding doi:10.1007/s11032-011-591 
9610-x 592 

Li W, Liu Z, Shi Y, Song Y, Wang T et al. (2003) Detection of consensus genomic region of QTL relevant to 593 
drought-tolerance in maize by QTL meta-analysis and bioinformatics approach. Acta Agronomica Sinica 594 
36:1457–1467.  595 

Liu Q, Kasuga M, Sakuma Y,  Abe  H,  Miura S et al. (1998) Two transcription factors, DREB1 and DREB2, with 596 
an EREBP/AP2 DNA binding domain separate two cellular signal transduction pathways in drought- and 597 
low-temperature-responsive gene expression, respectively, in Arabidopsis. Plant Cell 10:1391-1406. 598 

Mace E,    Innes D, Hunt C, Wang X, Tao Y et al. (2019) The Sorghum QTL Atlas: a powerful tool for trait 599 
dissection, comparative genomics and crop improvement. Theoretical and Applied Genetics 132:751–766. 600 

Marinoni   DT, Nadia V, Ezio P, Alberto A, Chiara E et al. (2017) High density SNP mapping and QTL analysis 601 
for time of leaf budburst in Corylus avellana L. PLoS ONE 13. e0195408.https:// 602 
doi.org/10.1371/journal.pone.0195408 603 

Maroof M, Soliman K, Jorgensen R, Allard R (1984) Ribosomal DNAsepacer-length polymorphism in barley: 604 
Mendelian inheritance, chromosomal location, and population dynamics. Proc Natl Acad Sci  81:8014–8019.  605 

Ministry of Agriculture (MoA) (1998)  Agro-ecological zones of Ethiopia: natural resource management and 606 
regulatory department. Ethiopian Ministry of Agriculture, Addis Ababa, Ethiopia. 607 

Murphy RL, Morishige  DT, Brady JA, Rooney  WL, Yang S, (2014)  Ghd7 (Ma6) represses sorghum flowering 608 
in long days: Ghd7 alleles enhance biomass accumulation and grain production. Plant Genome 7: 1–10. 609 

Mutengwa C, Tongoona P, Sithole I (2005) Genetic studies and a search for molecular markers that are linked to 610 
Striga asiatica resistance in sorghum. African Journal of Biotechnology 4:1355–1361. 611 

 612 
Nagaraja R, Madhusudhana R, Murali S, Mohan DV, Chakravarthi SP et al.(2014) Mapping QTL for grain yield 613 

and other agronomic traits in post-rainy sorghum. Theoretical and Applied Genetics 126:1921–1939.  614 



20 
 

Nyquist WE (1991) Estimation of heritability and prediction of selection response in plant populations. Critical 615 
Review in Plant Science 10: 235–322. 616 

Paterson AH, Lander ES, Hewitt JD, Peterson S, Lincoln SE et al. (1988) Resolution of quantitative traits into 617 
Mendelian factors by using a complete linkage map of restriction fragment length polymorphisms.  Nature 618 
335: 721-726. 619 

Paterson AH, Bowers JE, Bruggmann R (2009) The sorghum bicolor genome and the diversification of 620 
grasses. Nature 457:551–556. 621 

Patil KD, Prabhakar M (2001) Evaluation of diverse source of Rabi germplam for physiological traits associated 622 
with drought adaptation. National Seminar on Role of Plant Physiology for Sustaining Quality and Quantity 623 
of food production in Relation to Environment. Dharwad, India. 624 

 625 
Phuong L, Ngoan LD, Preston TR (2013) Effects of paddy rice supplementation of Malvaviscus foliage 626 

(Malvaviscus penduliflorus) on growth performance of rabbits. Livest. Res. Rural Dev., 25: 63-76. 627 

Poland JA, Brown PJ, Sorrels ME, Jannink JL (2012) Development of high-density genetic maps for Barley and 628 
Wheat using a novel two-enzyme genotyping-by-sequencing approach. PLoS One 7:322-328. 629 

Quinby JR (1966) Fourth maturity gene locus in sorghum. Crop Science 6: 516– 518.  630 

Quinby JR, Karper RE (1945) Inheritance of three genes that influence time of floral initiation and maturity date 631 
in milo. Agronomy Journal 37: 916– 936.  632 

Ritter KB,  Jordan DR,  Chapman SC,  Godwin ID,  Mace ES et al. (2008) Identification of QTL for sugar-related 633 
traits in a sweet × grain sorghum (Sorghum bicolor L. Moench) recombinant inbred population. Molecular 634 
Breeding, 22:367–384. 635 

Rooney WL, Aydin S (1999) Genetic control of a photoperiod‐sensitive response in Sorghum bicolor (L.) 636 
Moench. Crop Science 39: 397– 400.  637 

Sabadin PK,  Malosetti M,  Boer MP, Tardin FD,  Schaffert RE et al. (2012) Studying the genetic basis of drought 638 
tolerance in sorghum by managed stress trials and adjustments for phonological and plant height differences. 639 
Theoretical and Applied Genetics 124, 1389-1402. 640 

Sanchez A, Subudhi P, Rosenow D, Nguyen H (2002) Mapping QTLs associated with drought resistance in 641 
sorghum (Sorghum bicolor L. Moench). Plant Molecular Biology 48:713–726. 642 

Sangma B (2013) Genetic characterization of flowering time in sorghum. PhD Thesis, School of 643 
Agriculture and Food Sciences, The University of Queensland, Australia. 644 

Shazia S, Tariq S, Shafiqur R, Kazutoshi O (2013) Mapping the QTLs underlying drought stress at developmental 645 
stage of sorghum (Sorghum bicolor (L.) Moench) by association analysis. Euphytica DOI 10.1007/s10681-646 
013-0963-6 647 

Shehzad T, Okuizumi H, Kawase M, Okuno K (2013) Development of SSR-based sorghum (Sorghum bicolor L. 648 
Moench) diversity research set of germplasm and its evaluation by morphological traits. Genetic Resource 649 
and Crop Evolution 56:809–827. 650 

Sivakumar  S, Li X, Chengsong Z, Guihua B, Ramasamy P et al. (2016) QTL Mapping for Grain Yield, 651 
Flowering Time, and Stay-Green Traits in Sorghum with Genotyping-by-Sequencing Markers. Crop Science 652 
56:1429–1442. 653 



21 
 

Srinivas G, Satish K, Madhusudhana R, Seetharama N (2009) Exploration and mapping of microsatellite markers 654 
from subtracted drought stress ESTs in Sorghum bicolor (L.) Moench. Theoretical and Applied 655 
Genetic118:703–71. 656 

Sukumaran S, Lopes MS, Dreisigacker S, Dixon LE, Zikhali M et al. (2016) Identification of earliness per se 657 
flowering time locus in spring wheat through a genome-wide association study. Crop Science 56: 2962-2969. 658 

Tao YZ, Henzell RG, Jordan DR, Butler DG, Kelly AM et al. (2000) Identification of genomic regions associated 659 
with stay green in sorghum by testing RILs in multiple environments. Theoretical and Applied Genetics 660 
100:1225–123. 661 

Utz HF, Melchinger AF, Schon CC (2000) Bias and sampling error of the estimated proportion of genotypic 662 
variance explained by quantitative trait loci determined from experimental data in maize using cross 663 
validation and validation with independent samples. Genetics 154: 1839–1849. 664 

 665 
Vales MI (2005) Effect of population size on the estimation of QTL: a test using resistance to barley stripe 666 

rust. Theoretical and Applied Genetics 111: 1260–1270. 667 
 668 
Wang M, Yan J,  Zhao J, Song W, Zhang X (2005) Genome-wide association study (GWAS) of resistance to head 669 

smut in maize. Plant Science 196: 125–131. 670 
 671 
Wang A, Li Y, Zhang C (2012) QTL mapping for stay-green in maize (Zea mays). Can Journal of Plant Science 672 

92:249–256.  673 

Wang X, Wang K, Jin D, Guo H, Lee H (2014) Genome Alignment Spanning Major Poaceae Lineages Reveals 674 
Heterogeneous Evolutionary Rates and Alters Inferred Dates for Key Evolutionary Events. Molecular Plant 675 
Pathology 8: 885–898. 676 

Xu W, Rosenow D, Nguyen H, (2000) Stay green trait in grain sorghum: Relationship between visual rating and 677 
leaf chlorophyll concentration. Plant Breeding 119: 365-367. 678 

 679 
Yu H,  Xie W, Wang J, Xing Y,  Xu C et al. (2011) Gains in QTL detection using an ultra-high density SNP map 680 

based on population sequencing relative to traditional RFLP/SSR markers. PLoS One 681 
https://doi.org/10.1371/journal.pone.0017595 682 

Yu J, Holland J, McMullen M, Buckler E (2008) Genetic Design and Statistical Power of Nested Association 683 
Mapping in Maize. Genetics 178:539-551. 684 

Yuan Y, Li CT, Wilson R (2008) Partial mixture model for tight clustering of gene expression time-course. BMC 685 
Bioinformatics 9:287-298. 686 

Yousra EM, Tariq S, Kazutoshi O (2011) Variation in flowering time in sorghum core collection and mapping of 687 
QTLs controlling flowering time by association analysis. Genetic Resource and Crop Evolution 58:983–989.  688 

Zhang D, Guo H, Kim C, Lee TH, Li J, Robertson J et al. (2013) CSGRqtl, a comparative QTL database for 689 
Saccharinae grasses. Plant Physiology 161:594-599. 690 

Zhang D, Kong W, Robertson J, Goff VH, Epps E et al. (2015) Genetic analysis of inflorescence and plant height 691 
components in sorghum (Panicoidae) and comparative genetics with rice (Oryzoidae). BMC Plant Biol. 15: 692 
1–15. 693 



Figures

Figure 1

Monthly rainfall, minimum and maximum temperatures at Kobo (A) and Mieso (B) during the 2016/17
experiment season



Figure 2

Distribution of parental genome and level of heterozygosity in the three populations along the ten
chromosomes



Figure 3

Genetic map of population the three populations. X-axis represents 10 Sorghum bicolor chromosomes,
and y-axis represents the genetic position of markers in cM. Each horizontal bar in the plot represents a
SNP marker. Numbers of SNP markers in each chromosome are shown at the top of respective
chromosome



Figure 4

Composite physical map of three populations (76T1-23 x Baji; Meko x Birmash; 76T1- 23 x Birmash). A
total of 2,643 SNPs were assembled from three populations, of which 1,774 SNPs were unique among
these three populations
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