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Abstract 13 

Background: Common rust is one of the major foliar diseases of maize, leading to 14 

significant grain yield losses and poor grain quality. The most sustainable strategy for 15 

controlling common rust is to develop resistant maize varieties, which requires a 16 

further understanding of genetic dissection of common rust resistance.  17 

Results: In this study, an association panel and two bi-parental doubled haploid (DH) 18 

populations were used to perform genome-wide association study (GWAS), linkage 19 

mapping, and genomic prediction analyses. All the populations were phenotyped in 20 

multi-environment trials for common rust resistance and genotyped with 21 

genotyping-by-sequencing (GBS) single-nucleotide polymorphisms (SNPs). GWAS 22 

revealed six SNPs significantly associated with common rust resistance at bins 1.05, 23 

1.10, 3.04, 3.05, 4.08, and 10.04, respectively. The SNP effect of each SNP ranged 24 

from 0.13 to 0.17. Linkage mapping identified six quantitative trait loci (QTL) in the 25 

first DH population (DH1) and two QTL in the second DH population (DH2), 26 

distributed on chromosomes 1, 2, 3, 4, 6, 7, and 9, respectively. The phenotypic 27 

variation explained (PVE) of each QTL ranged from 3.55% to 12.45%. A new major 28 

QTL was detected in DH1 on chromosome 7 in the region between 144,585,945 and 29 

149,528,489 bp, it had the highest LOD score of 7.82 and the largest PVE value of 30 

12.45%. The genomic regions located at bins 1.05, 1.10, and 4.08 were detected by 31 

both GWAS and linkage mapping. GRMZM2G114893 (bin 1.05) and 32 

GRMZM2G138949 (bin 4.08) were identified as the putative candidate genes 33 

conferring common rust resistance. The genomic prediction accuracies observed in 34 



the association panel and two bi-parental DH populations were 0.61, 0.51, and 0.10, 35 

respectively.  36 

Conclusions: These results provided new insight into the genetic architecture of 37 

common rust resistance in maize and a better understanding of the application of 38 

genomic prediction for common rust resistance in maize breeding. 39 

Keywords: Maize, common rust, genotyping-by-sequencing, genome-wide 40 

association study, linkage mapping, genomic prediction 41 

Background 42 

Common rust, caused by Puccinia sorghi, is one of the major foliar diseases of maize, 43 

which can cause as much as 49% yield loss in susceptible varieties [1]. Breeding for 44 

resistance is the preferred method for controlling common rust, which is the most 45 

cost-effective, environment-friendly, and sustainable approach [2]. Rossi et al. [3] 46 

reported six tropical lines from CIMMYT (International Maize and Wheat 47 

Improvement Center) highly resistant to common rust. Sserumaga et al. [4] identified 48 

12 common rust resistant lines out of 50 tropical maize inbred lines. Those studies 49 

indicated the presence of genetic resistance to common rust in tropical maize 50 

germplasm. Genetic resistance to common rust can be divided into race-specific and 51 

partial resistance according to their specificity and durability [5]. Race-specific 52 

resistance is usually controlled by a single R gene and exhibits a high level of 53 

resistance to specific rust biotypes. More than 26 race-specific resistance (Rp) genes 54 

had been identified for common rust in complex loci on maize chromosomes 3, 4, 6, 55 



and 10 [6-9]. The resistance of Rp genes could be breakdown easily due to high 56 

selection pressure. Partial resistance or quantitative disease resistance is often 57 

controlled by several genes and reduces the rate of fungal development on plant tissue 58 

[10]. It is race-nonspecific and tends to be more durable than race-specific resistance. 59 

Linkage mapping had been conducted for exploring quantitative trait loci (QTL) 60 

associated with partial resistance to common rust in Maize [8, 11, 12]. In four 61 

different European flint maize populations, Lübberstedt et al. [8] identified 20 QTL 62 

throughout the maize genome associated with partial resistance to Puccinia sorghi. 63 

Kerns et al. [11] identified 24 molecular markers in 16 chromosomal regions 64 

conferring partial resistance to common rust based on the single-factor analysis. In a 65 

sweet corn F2:3 population derived from the cross of IL731a × W6786, nine regions on 66 

6 chromosomes related to partial common rust resistance were identified [12]. These 67 

QTL revealed by linkage mapping provides an opportunity for improving common 68 

rust resistance in maize through marker-assisted selection (MAS). However, the major 69 

QTL identified from different studies need to be validated further, and the mapping 70 

resolution also needs to be improved to detect the closely linked markers for MAS.  71 

Genome-wide association study (GWAS) is a useful tool for identifying 72 

molecular markers significantly associated with the target trait and exploring the 73 

underlying candidate genes [10,13,14]. In an association panel consisted of 274 maize 74 

inbred lines, three loci associated with common rust resistance were identified, and 75 

the candidate genes detected in this study had predicted roles in cell wall modification 76 

and in regulating the accumulation of reactive oxygen species [10]. This study 77 



suggested that GWAS is a powerful approach for identifying the genomic regions 78 

associated with the common rust resistance in maize, it has high genetic mapping 79 

resolution, because of the abundant genetic diversity and faster linkage disequilibrium 80 

decay in maize [15]. However, the use of GWAS was limited by false-positive or 81 

false-negative due to population structure and familial relationships [16]. The 82 

combined use of GWAS and linkage mapping become a more powerful approach for 83 

exploring candidate loci associate with complex quantitative traits due to higher 84 

mapping resolution and greater statistical power. This combined method has been 85 

widely used to detect the genetic basis of complex quantitative traits in maize, such as 86 

plant and ear height [17], male inflorescence [18], amino acids in maize kernel [19], 87 

tar spot complex resistance [20], common rust resistance [9] and maize chlorotic 88 

mottle virus and maize lethal necrosis resistance [21]. In a joint GWAS and linkage 89 

mapping analysis, GWAS analysis identified 37 SNPs significantly associated with 90 

the common rust resistance, and linkage mapping analysis detected five QTL 91 

conferring the common rust resistance [9]. Nine candidate genes were identified, 92 

which are metabolic or signaling genes involved in the disease resistance. Kibe et al. 93 

[22] revealed 14 significant SNPs associated with common rust in an association 94 

panel and 26 QTLs in five F3 populations. 95 

Genomic prediction (GP) is an extension of MAS that uses genome-wide markers 96 

to predict the genomic estimated breeding values (GEBVs) of the un-phenotyped lines 97 

for selection [23]. GP has been reported in many studies to accelerate the genetic gain 98 

in plant breeding programs [20, 24-27]. The GP accuracy of common rust resistance 99 



was first reported by Kibe et al. [22] which ranged from 0.19 to 0.51 in different 100 

populations. Cao et al. [20] reported that the GP accuracy of tar spot complex 101 

resistance ranged from 0.55 to 0.74 in different populations. The GP accuracy of 102 

maize lethal necrosis disease resistance was 0.56 in the IMAS-AM panel and 0.36 in 103 

the DTMA-AM panel, respectively [24]. The moderate to high prediction accuracy on 104 

complex diseases indicates that GP has the potential to improve maize disease 105 

resistance.  106 

Genotyping-by-sequencing (GBS), the next-generation sequencing technology, 107 

enables efficient genotyping of a large number of individuals for a large number of 108 

SNPs at a low per-sample cost. The high-throughput, robust, and cost-effective 109 

sequencing approach has been applied in genetic studies, such as linkage mapping, 110 

GWAS, and GP in diverse plant species [28]. Marker density is an important factor for 111 

improving the mapping resolution. Previous studies showed that the resolution of 112 

genotyping mapping researches was improved by 50% using the high-density GBS 113 

SNPs [29, 30]. 114 

In this study, an association panel and two bi-parental DH populations were used 115 

to perform GWAS, linkage mapping, and genomic prediction analyses, where all the 116 

populations were phenotyped in multi-environment trials for common rust resistance 117 

and genotyped with genotyping-by-sequencing (GBS) single-nucleotide 118 

polymorphisms (SNPs). The main objectives of the present study were to detect the 119 

significantly associated SNPs, QTL, and putative candidate genes associated with 120 

common rust resistance in tropical maize by joint linkage analysis and GWAS, and 121 



explore the potential of GP to improve maize tolerance to common rust. 122 

Results 123 

Phenotypic variations 124 

The descriptive statistics for resistance to common rust in the DTMA (Drought 125 

Tolerant Maize for Africa) panel and the two bi-parental DH populations are 126 

presented in Table 1 and Figure 1a. The results indicated that there were abundant 127 

phenotypic variations in each population. For example, the DTMA panel showed the 128 

greatest phenotypic variation, where common rust scores ranged from 1.26 to 4.13 on 129 

a 1 to 5 disease scale. The means of disease score were 2.32, 2.25, and 2.27 in DTMA 130 

panel, DH1, and DH2, respectively. Mixed model analysis of common rust resistance 131 

revealed significant (p＜0.01) genotypic variance (𝜎𝑔2) in all three populations. The 132 

genotype by environment interaction variance (𝜎𝑔𝑒2 ) was significant (p＜ 0.01) in the 133 

DTMA panel and DH1, but not in DH2. Broad-sense heritability estimated was 0.80 134 

in DTMA panel, 0.57 in DH1, and 0.84 in DH2. High heritability indicated that most 135 

of the variation among inbred lines can be attributed to genetic variation and suitable 136 

for QTL analysis. 137 

Genotypic data analysis 138 

The basic information about GBS data before and after filtering is shown in Table 139 

2. After filtering, the number of SNPs decreased from 955690 to 187409 in the 140 

imputed dataset of DTMA panel, while in the un-imputed datasets of DH1 and DH2, 141 

the number of SNPs decreased from 955690 to 31194 and 37985, respectively. Before 142 



filtering, the missing rate in the imputed dataset of the DTMA panel was only 16.79%, 143 

which was much lower than that in the un-imputed datasets of DH1 (42.53%) and 144 

DH2 (42.29%). After filtering, the missing rate was similar in imputed and 145 

un-imputed datasets, ranging from 7.33% to 9.73%. The heterozygosity rate of all 146 

three populations increased after filtering. The average MAF increased from 9.28% to 147 

18.01% in the imputed dataset of DTMA panel after filtering. In the two bi-parental 148 

DH populations, the average MAF increased to 42.04% and 42.01% after filtering, 149 

close to the expected allele frequency of 50%. 150 

Linkage disequilibrium and population structure 151 

The imputed GBS data was used to calculate linkage disequilibrium (LD) decay 152 

distance in the DTMA panel. The average LD decay distance across all the 10 153 

chromosomes with an r2 value of 0.1 was 8.14 kb (Figure 2). LD decay distance 154 

ranged from 4.57 kb in chromosome 10 to 15.9 kb in chromosome 8.  155 

Population structure analysis showed that the delta K value reached a peak when 156 

the K value was 4, indicating that the DTMA panel can be divided into four subgroups 157 

(Figure 3). Subgroup 1 was the largest consisted of 219 lines. The number of lines in 158 

subgroup 2, 3, and 4 was 13, 10, and 40, respectively. Figure 1b showed different 159 

responses to common rust in the four subgroups. 160 

Genome-wide association study 161 

The GWAS results of the DTMA panel are presented in Table 3 and Figure 4. 162 

The best linear unbiased predictors (BLUPs) obtained from META-R were used as 163 



phenotypes for GWAS. A total of 6 SNPs at bins 1.05, 1.10, 3.04, 3.05, 4.08, and 164 

10.04 were identified to be significantly associated with common rust resistance using 165 

the FarmCPU (Fixed and random model Circulating Probability Unification) model in 166 

GAPIT (Genome Association and Prediction Integrated Tool-R package). 167 

Two significant SNPs, S1_89238026 and S1_278132829, were identified at bins 168 

1.05 and 1.10 on chromosome 1. The most significant SNP S1_278132829 (P-value 169 

7.25×10-11) had a MAF of 0.25 and a SNP effect of 0.13. It was located within the 170 

candidate gene of GRMZM2G328500 (278,126,093 - 278,132,841 bp), which encodes 171 

a UDP-glucose 6-dehydrogenase. SNP S1_89238026 (P-value 9.81×10-10) was the 172 

second most significant marker. It had a MAF of 0.32 and a SNP effect of 0.13. It is 173 

associated with the candidate gene of GRMZM2G114893 (89,236,681 - 89,237,918 bp) 174 

encoding a Zinc finger (C2H2 type) family protein. 175 

Two other SNPs, S3_118933375 and S3_147594533, with significant P-values 176 

were mapped on chromosome 3. SNP S3_118933375 with SNP effect of -0.17 was 177 

587 bp away from the candidate gene of GRMZM2G144004 (118,931,829 - 178 

118,932,788 bp). The second SNP S3_147594533 was located at the candidate gene 179 

of GRMZM2G162250 (147,591,043 - 147,598,482 bp), which encodes for a Zea mays 180 

ARGOS6 protein. The MAF of the two SNPs was only 0.10 and 0.11, respectively. 181 

On chromosome 4, SNP marker of S4_183913302 was located close to the 182 

candidate gene of GRMZM2G138949 (183,909,192 - 183,910,514 bp). This gene 183 

encodes a BTB/POZ domain-containing protein. Significant maker of S10_95231291 184 



linked with the candidate gene of GRMZM2G131536 (95,230,282 - 95,231,024 bp) 185 

was located on chromosome 10 at position 95,231,291 bp. 186 

Linkage mapping analysis 187 

Linkage mapping results of the two bi-parental DH populations are presented in 188 

Table 4 and Figure 5. Six QTL located on chromosomes 1, 2, 4, 6, 7, and 9 were 189 

identified in DH1. The phenotypic variance explained by a single QTL ranged from 190 

3.55% to 12.25%. The total phenotypic variance explained by all the six QTL was 191 

44.22%. The common rust resistance alleles were derived from the resistant inbred 192 

line of CML495, except for the two QTL on chromosomes 1 and 9. The QTL on 193 

chromosome 7 had the highest LOD score of 7.82, indicating that this is a major QTL 194 

for common rust resistance. Two QTL on chromosomes 1 and 3 were detected in DH2. 195 

The two QTL had small effects, explaining 8.33% and 8.80% of the total phenotypic 196 

variation, respectively. Resistance alleles for both QTL were derived from the 197 

resistant parental line of CML451. 198 

Genomic prediction for common rust 199 

GP results of the DTMA panel and the two bi-parental DH populations were 200 

presented in Figure 6. The GP accuracies estimated in the DTMA panel, DH1, and 201 

DH2 were 0.61, 0.51, and 0.10, respectively. Compared with DH1, the prediction 202 

accuracy of DH2 was especially low. 203 

Discussion 204 

Joint GWAS and linkage mapping 205 



Linkage mapping and GWAS are two powerful approaches for exploring the 206 

genetic basis of complex quantitative traits [9, 20]. Linkage mapping is always 207 

conducted in bi-parental populations with a low resolution of 10-30 cM, which is 208 

limited by recombination events occurring in the development of mapping 209 

populations [31, 32]. GWAS based on genetic linkage disequilibrium provides higher 210 

resolution and greater ability to detect genetic variations associated with the trait [33, 211 

34]. However, GWAS are constrained by population structure and familial 212 

relationships, which can lead to false-positive or false-negative associations [35]. 213 

Joint GWAS and linkage mapping can complement the advantages and disadvantages 214 

of each method with high resolution and robust results. In this study, we used both 215 

GWAS and linkage mapping to detect loci related to common rust resistance. 216 

A total of 6 SNPs distributed on chromosomes 1, 3, 4, and 10 were identified by 217 

GWAS in the DTMA panel. Except for SNP S10_95231291, all the SNPs were 218 

mapped to previously identified QTL regions for common rust resistance [8, 9, 12]. 219 

The two SNPs S1_89238026 and S1_278132829 were mapped to QTL regions 220 

associated with common rust identified by Lübberstedt et al. [8]. SNP S3_118933375 221 

was in LD with rp8.2, a QTL for common rust [9]. SNP S3_147594533 was linked 222 

with a common rust QTL identified by Brown et al. [12], which was flanked by 223 

markers umc60 and bnl15.20 at bin 3.05. SNP S4_183913302 was in the same region 224 

of a QTL identified near the marker npi570 (185,890,136 - 185,893,110bp) at bin 4.08 225 

[12]. 226 



In DH1, linkage mapping revealed six QTL distributed on chromosomes 1, 2, 4, 227 

6, 7, and 9, respectively. The loci on chromosomes 1, 4, and 9 coincided with QTL 228 

identified in previous studies [8, 10, 22]. The major QTL located on chromosome 7 229 

was reported here for the first time, it had the highest LOD score of 7.82 and largest 230 

PVE value of 12.45% in the present study. In DH2, two small-effect QTL were 231 

mapped on chromosomes 1 and 3, respectively. The QTL in bin 1.10 was also 232 

reported by Lübberstedt et al. [8]. All the QTL identified in DH1 and DH2 were 233 

different. This might be due to the use of different populations and different 234 

environments [36]. 235 

Three SNPs at bins 1.05, 1.10, and 4.08 identified by GWAS in the DTMA panel 236 

were validated through linkage mapping analysis in the two bi-parental DH 237 

populations, indicating that these loci were stable QTL for common rust resistance. 238 

SNP S1_278132829 with the lowest P-value (7.25×10-11) was in LD with the locus 239 

identified between markers C1M93 and C1M95 in DH2. SNP S1_89238026 with the 240 

second-lowest P-value (9.81×10-10) was linked with the QTL flanked by markers 241 

C1M16 and C1M17 in DH1. SNP S4_183913302 was consistent with the locus 242 

identified between markers C4M185 and C4M186 with the second-highest LOD score 243 

of 6.77 in DH1. In addition to the three loci identified by both GWAS and linkage 244 

mapping, 3 significant SNPs were only identified by GWAS and 5 QTL were only 245 

detected by linkage mapping. The major QTL located on chromosome 7 identified by 246 

linkage mapping in DH1 was not found through GWAS in the DTMA panel. This may 247 

due to the very low frequency of one of the alleles of the relevant locus in the 248 



association panel or population structure is related to the polymorphism at this locus 249 

[37, 38]. 250 

Candidate gene analysis for common rust resistance 251 

Candidate gene analysis can lead to a better understanding of the genetic basis of 252 

common rust resistance. A total of six candidate genes were identified in this study 253 

(Table 3). GRMZM2G328500 encodes a UDP-glucose 6-dehydrogenase, which is 254 

involved in the nucleotide-sugar interconversion process [39]. GRMZM2G162250 255 

encodes a Zea mays ARGOS6 (auxin regulated gene involved in organ size) protein 256 

controlling plant growth, organ size, and grain yield. 257 

GRMZM2G114893 encodes a zinc finger (C2H2 type) family protein. Zinc finger 258 

protein is a kind of transcription regulator with a finger domain. Zinc finger (C2H2 259 

type) family protein is a type of zinc finger protein with two Cys2/His2-type motifs. It 260 

has been studied in many plant species, which was mainly involved in the regulation 261 

of plant growth, development, and tolerance to biotic and abiotic stresses [40-42]. 262 

Under abiotic stresses, such as cold, drought, salt, osmotic, and oxidative, the 263 

transcription level of many C2H2 type zinc finger proteins is increased [43]. In 264 

tobacco transgenic plants, overexpressing the ZFT1 gene showed increased tobacco 265 

mosaic virus tolerance [44]. Transgenic Arabidopsis plants overexpressing CAZFP1 266 

not only increased drought tolerance but also increased resistance against 267 

Pseudomonas syringae pv. tomato infection [45]. In conclusion, the C2H2 type zinc 268 



finger protein plays an important role in plant biotic and abiotic stress responses. 269 

GRMZM2G114893 is a possible candidate gene for common rust resistance. 270 

Candidate gene GRMZM2G138949 identified in bin 4.08 encodes a BTB/POZ 271 

domain-containing protein. The BTB/POZ domain is an evolutionarily conserved and 272 

widely distributed domain, which participates in a series of physiological and 273 

biochemical reactions and also plays an important role in resistance to plant disease. 274 

The Arabidopsis NPR1 gene encodes a BTB/POZ domain-containing protein that 275 

controls systemic acquired resistance (SAR) [46]. In rice transgenic plants, 276 

overexpressing a rice NPR1 homolog (NH1) leads to enhanced resistance to 277 

Xanthomonas oryzae pv. oryzae [47]. Ectopic expression of the Arabidopsis NPR1 278 

gene in strawberry leads to enhanced resistance to angular leaf spot, powdery mildew, 279 

and anthracnose [48]. GRMZM2G138949 is the most likely candidate gene for 280 

common rust resistance in maize. 281 

Genomic prediction 282 

GP is a useful tool to accelerate genetic gain in breeding programs. 283 

Genome-wide molecular markers were used to predict the breeding values of lines for 284 

selection [49]. The GP accuracy might be influenced by many factors, such as marker 285 

density, training population size, genetic architecture and heritability of target traits, 286 

the relationship between the training and prediction populations [20, 50]. In this study, 287 

GP for common rust resistance has been conducted in a DTMA panel and two 288 

bi-parental DH populations with SNPs derived from GBS. The GP accuracies varied 289 



across populations and ranged from 0.10 to 0.61, which were consistent with the 290 

results of Kibe et al. [22] (0.10 - 0.51). The highest accuracy was estimated in the 291 

DTMA panel. This may be due to the large population size, high heritability, and great 292 

genetic diversity. Although the broad-sense heritability of DH2 was up to 0.84, the 293 

prediction accuracy of DH2 was only 0.10. The significant difference in prediction 294 

accuracy between the two bi-parents DH populations may be due to the differences in 295 

genetic diversity and population size. In DH2, only two small-effect QTL contributed 296 

17.13% of the phenotypic variance were identified and no major QTL was identified. 297 

Conclusions 298 

In this study, we used an association mapping panel and two bi-parental DH 299 

populations genotyped with GBS SNPs and phenotyped for common rust resistance in 300 

multi-environment trials to understand the genetic architecture of common rust 301 

resistance in maize. A total of 6 SNPs were detected by GWAS and 8 QTL were 302 

identified by linkage mapping. Three significant SNPs at bins 1.05, 1.10, and 4.08 303 

were verified through linkage analysis. A major QTL located on chromosome 7 was 304 

identified in DH1. Candidate genes of GRMZM2G114893 encoding a Zinc finger 305 

(C2H2 type) family protein and GRMZM2G138949 encoding a BTB/POZ 306 

domain-containing protein were considered as the putative genes associated with 307 

common rust resistance in maize. Joint GWAS and linkage mapping results indicated 308 

that common rust resistance is controlled by multiple QTL with small to medium 309 

effects. This study provides new insights into the potential of GP to improve maize 310 



common rust resistance, which could help to better understand the application of 311 

genomic prediction in maize breeding for complex disease resistance. 312 

Methods 313 

Plant materials 314 

An association mapping panel of 282 genetic diverse inbred lines was used for 315 

GWAS and GP in the present study. The association mapping panel, DTMA (Drought 316 

Tolerant Maize for Africa), was collected by the Global Maize Program of CIMMYT. 317 

Based on the geographic information and environmental adaptation, the DTMA panel 318 

was classified into eight subsets: (1) Mexico physiology breeding program; (2) 319 

Mexico entomology breeding program; (3) Mexico lowland tropical breeding 320 

program; (4) Mexico highland tropical breeding program; (5) Colombia subtropical 321 

breeding program; (6) Zimbabwe subtropical breeding program; (7) Nigeria breeding 322 

program; and (8) Ethiopia breeding program. 323 

Two bi-parental doubled haploid (DH) populations were used for linkage 324 

mapping and GP. The first DH population (DH1) developed from inbred lines 325 

CML495 and La Posta Sequia C7 F64-2-6-2-2-B-B-B, was consisted of 189 DH lines. 326 

The second DH population (DH2) developed from inbred lines CML451 and 327 

DTPYC9-F46-1-2-1-2-B-B-B, was consisted of 115 DH lines. CML495 and CML451 328 

are common rust-resistant lines, and the other two parental lines are common rust 329 

susceptible lines. The seeds used to set up experiments for this study were originally 330 

acquired from the Global Maize Program of CIMMYT.  331 



Experimental design 332 

All of the three populations were evaluated for response to common rust at 333 

CIMMYT’s experimental station in Mexico. The DTMA panel was evaluated at Agua 334 

Fria in 2008, 2009, 2010, and 2012. DH1 was evaluated at El Batan and Santa 335 

Catarina in 2013. DH2 was evaluated at Agua Fria in 2011 and El Batan in 2013. All 336 

the locations have high and consistent natural expressions of common rust. A 337 

randomized complete block design with three replications was used for all trials. Each 338 

plot consisted of 11 plants in a 2 m row with a width of 0.75 m. 339 

Disease evaluation 340 

Plants were visually evaluated for common rust three times at 7-day intervals, 341 

beginning two weeks after flowering. Disease severity was evaluated on a 1-5 scale 342 

based on the percentage of leaf area covered by lesions. A rating scale of 1 343 

corresponds to high resistance, 2 corresponds to weak to moderate infection covering 344 

0-20% of the leaf surface, 3 corresponds to moderate infection covering 21-50% of 345 

the leaf surface, 4 corresponds to moderate-to-severe infection covering 51-80% of 346 

the leaf surface, and 5 corresponds to severe infection covering >80% of the leaf 347 

surface. For each plot, the final highest score was used for further analysis. 348 

Phenotypic data analysis 349 

The multi-environment trial analysis was conducted using META-R Version 6.04 350 

(http://hdl.handle.net/11529/10201). A mixed linear model was used to calculate the 351 

best linear unbiased predictors (BLUPs), variance components, and broad-sense 352 

http://hdl.handle.net/11529/10201


heritability. The model used for data analysis was as follow: 353 

Yijk =μ+ Ei + Rj(i) + Gk + EGik + εijk      (1) 354 

Where Yijk is the observation of the kth genotype in the ith environment in the jth 355 

replicate; μ is the overall mean; Ei is the effect of the ith environment; Rj(i) is the 356 

effect of the jth replication nested on the ith environment; Gk is the effect of the kth 357 

genotype, EGik is the effect of the interaction between the ith environment and kth 358 

genotype; and εijk is the effect of experimental error. G was set as a fixed effect when 359 

calculating BLUPs. Broad-sense heritability across all environments was calculated 360 

as: 361 

ℎ
2 =  𝜎𝑔2𝜎𝑔2+𝜎𝑔𝑒2 𝑖⁄ +𝜎𝑒2 𝑖𝑗⁄       (2) 362 

where 𝜎𝑔2  is the genotypic variance, 𝜎𝑔𝑒2  is the genotype × environment 363 

interaction variance, 𝜎𝑒2 is the error variance, i is the number of environments, and j 364 

is the number of replications in each environment. All of the factors were set as 365 

random effects when calculating heritability. The violin plot was made using the 366 

ggplot2 package in R software [51] to show the distribution of phenotypic data for 367 

each population. 368 

Genotyping-by-Sequencing 369 

Young leaves of the three populations and parental lines were sampled. DNA 370 

extraction was performed using a CTAB method [52]. Genotypic data was generated 371 

using the genotyping-by-sequencing (GBS) method at Cornell University 372 



Biotechnology Resource Center (Ithaca, NY, USA). DNA sequencing was performed 373 

on Illumina HiSeq2000. TASSEL GBS Pipeline was used for SNP calling to align 374 

reads to maize B73 reference genome v2 (ZmB73_RefGen_v2). Imputation was 375 

carried out with the FILLIN method in TASSEL V5.0 [53, 54]. An imputed GBS 376 

dataset was used for GWAS and genomic prediction, while un-imputed GBS datasets 377 

were used for linkage mapping. A total of 955690 SNPs were obtained for each inbred 378 

line, and 570 of them could not be mapped to any of the 10 maize chromosomes. The 379 

number of SNPs on each chromosome ranged from 148752 on chromosome 1 to 380 

67126 on chromosome 10. SNPs with more than 20% missing rate, more than 0.05 381 

heterozygosity, and less than 0.05 minor allele frequency (MAF) were excluded using 382 

filter function in TASSEL V5.0. 383 

Linkage disequilibrium, population structure, and genome-wide association 384 

study 385 

Linkage disequilibrium (LD) was analyzed by TASSEL V5.0 [54] with a sliding 386 

window size of 50 SNPs. Squared Pearson correlation coefficient (r2) between vectors 387 

of SNP alleles was used to assess the level of LD decay across each chromosome, and 388 

r2 = 0.1 was used as a cutoff. Population structure was conducted using the 389 

STRUCTURE V2.3.4 software [55] to estimate the number of subgroups in the 390 

DTMA panel. The genotype data used was compressed by selecting 1 SNP per LD 391 

block [56]. The parameters were set as follows: length of burn-in period = 30,000; 392 

number of MCMC reps after burn-in= 30,000; ancestry model = use admixture model; 393 

allele frequency model = allele frequency correlated; number of populations (K) = 1 - 394 



10; and number of iterations = 10. STRUCTURE HARVESTER 395 

(http://taylor0.biology.ucla.edu/structureHarvester/) was used to visualizing 396 

STRUCTURE V2.3.4 output and delta K (ΔK) value was used to determine the best 397 

k value. 398 

GWAS was conducted in the DTMA panel using the FarmCPU (Fixed and 399 

random model Circulating Probability Unification) method in GAPIT (Genome 400 

Association and Prediction Integrated Tool-R package) [57]. The kinship matrix (K) 401 

and the first three principal components (PCs) from principal component analysis 402 

(PCA) were estimated by GAPIT to assess population structure to control false 403 

marker-trait association. The P-value of each SNP was calculated and the threshold 404 

level was defined at P = 3.70×10-6 by a false discovery rate (FDR) correction method. 405 

The sequence of each significant SNP was used to do BLAST against the 406 

ZmB73_RefGen_v2 genome sequence in MaizeGDB (http://www.maizegdb.org/). 407 

Genes containing or adjacent to each significant SNP were identified as the putative 408 

candidate genes. MaizeGDB database was used to annotate candidate genes. 409 

Linkage map construction and QTL mapping 410 

A Similarity/Linkage (SL) method was used for bin map construction with high 411 

quality un-imputed SNPs in the two bi-parental DH populations described by Cao et 412 

al. [20]. In DH1, 437 bins were constructed by 31194 SNPs. In DH2, 503 bins were 413 

constructed by 37985 SNPs. Each bin was regarded as a genetic marker to construct 414 

genetic maps. Linkage map construction was conducted by MAP function in software 415 



QTL IciMapping V4.2 [58]. The whole length of the linkage map of DH1 was 988.56 416 

cM with an average marker (bin) density of 2.26 cM. The genetic map of DH2 was 417 

1539.78 cM with an average distance of 3.06 cM between adjacent markers (bins). An 418 

Inclusive composite interval mapping (ICIM) approach was conducted for linkage 419 

mapping analysis using the “BIP” function and the “ADD” mapping method in QTL 420 

IciMapping V4.2. A LOD (logarithm of the odds) score of 2 was used for declaring 421 

putative QTL. The additive effect and phenotypic variation explained (PVE) of each 422 

QTL were estimated. 423 

Genomic prediction 424 

Genomic prediction (GP) was conducted using the ridge regression best linear 425 

unbiased prediction (RRBLUP) model with the rrBLUP package [59] for all three 426 

populations. BLUPs across all environments were used for GP analysis. 427 

Genome-wide marker datasets including 187409, 53996, and 74450 SNPs were used 428 

for GP in DTMA panel, DH1, and DH2, respectively. The prediction accuracy within 429 

each population was estimated by a five-fold cross-validation method with 100 430 

replications. GP accuracy was the average value of the correlation between the 431 

GEBVs and the observed phenotype values. 432 
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Tables 666 

Table 1 Descriptive statistics, variance components, and broad-sense heritability (H2) response to 667 

common rust in the Drought Tolerant Maize for Africa (DTMA) panel and two bi-parental 668 

doubled haploid (DH) populations.  669 

Population Mean Min. Max. Median SDa 

Variance componentsb 

h
2c

 𝜎𝑔2 𝜎𝑔𝑒2  𝜎𝑒2 

DTMA 2.32 1.26 4.13 2.30 0.52 0.33** 0.25** 0.24 0.80 

DH1 2.25 1.73 3.10 2.20 0.23 0.10** 0.08** 0.20 0.57 

DH2 2.27 1.76 3.16 2.32 0.26 0.08** 0 0.09 0.84 

a SD, standard deviation 670 

b 𝜎𝑔2, genotypic variance. 671 

𝜎𝑔𝑒2
, genotype × environment interaction variance. 672 𝜎𝑒2, error variance. 673 

** Significant at P < 0.01. 674 

c h2, broad-sense heritability.  675 



Table 2 Summary information of GBS-derived SNPs in the Drought Tolerant Maize for Africa 676 

(DTMA) panel and two bi-parental doubled haploid (DH) populations before and after filter. 677 

  678 

Population 

No. of SNPs Missing rate(%) 
Heterozygosity 

rate(%) 

Average minor allele 

frequency 

Before 

filter 

After 

filter 

Before 

filter 

After 

filter 

Before 

filter 

After 

filter 
Before filter After filter 

DTMA 955690 187409 15.79 7.33 1.49 2.83 0.09 0.18 

DH1 955690 31194 42.53 9.73 0.39 3.17 0.04 0.42 

DH2 955690 37985 42.29 8.66 0.36 2.64 0.04 0.42 



Table 3  Significantly associated SNP markers identified in the Drought Tolerant Maize for 679 

Africa (DTMA) panel by GWAS analysis. 680 

SNPa P-value Alleleb MAFc SNP effectd Putative Candidate Gene 
Annotation of Candidate 

Genes 

S1_89238026 9.81×10-10 A/G 0.32 0.13 GRMZM2G114893  
Zinc finger (C2H2 type) 

family protein 

S1_278132829 7.25×10-11 A/T 0.25 0.13 GRMZM2G328500 
UDP-glucose 

6-dehydrogenase 

S3_118933375 1.00×10-6 C/T 0.10 -0.17 GRMZM2G144004 Unknown 

S3_147594533 1.11×10-7 A/T 0.11 0.15 GRMZM2G162250 Zea mays ARGOS6 

S4_183913302 2.98×10-7 G/C 0.17 0.13 GRMZM2G138949 
BTB/POZ domain-containing 

protein  

S10_95231291 1.32×10-7 C/A 0.10 -0.16 GRMZM2G131536 Unknown 

a SNP name, chromosome_position, for example, S1_89238026 represents the SNP is on 681 

chromosome 1, the physical position is 89238026 bp. 682 

b Letters to the left and right of the “/” refer to major allele and minor allele, respectively. 683 

c MAF, minor allele frequency. 684 

d Positive values indicate that the major allele is a resistance allele; negative values indicate that 685 

the minor allele is a resistance allele.  686 



Table 4 QTL identified in the two bi-parental doubled haploid (DH) populations. 687 

Population Chromosome Left Marker (position)a Right Marker (position) LODb PVE(%)c Additive effect 

DH1 1 C1M16 (31534594) C1M17 (34176396) 6.77  10.34  -0.08  

 2 C2M88 (184258186) C2M89 (187894077) 3.49  5.69  0.06  

 4 C4M185 (185251502) C4M186 (186037532) 4.62  6.79  0.06  

 6 C6M253 (9362045) C6M254 (22037035) 2.42  3.55  0.05  

 7 C7M315 (144585945) C7M316 (149528489) 7.82  12.45  0.09  

 9 C9M371 (1265981) C9M372 (2794057) 3.70  5.40  -0.06  

DH2 1 C1M93 (253500195) C1M95 (254447195) 2.18  8.33  -0.08  

 3 C3M246 (10598765) C3M248 (12632347) 2.27  8.80  -0.08  

a Marker name, chromosome_bin, For example, C1M16 represents the 16th bin on chromosome 1 688 

and the physical position is 31,534,594. 689 

b LOD, logarithm of the odds. 690 

c PVE, phenotypic variation explained.  691 



Figure legends 692 

Fig.1 Violin plots of common rust scores in the (a) Drought Tolerant Maize for Africa (DTMA) 693 

panel, DH1, and DH2 and (b) subgroups of the DTMA panel.  694 

Fig.2 Linkage disequilibrium decay across all 10 maize chromosomes in the Drought Tolerant 695 

Maize for Africa (DTMA) panel. 696 

Fig.3 Population structure of the genome-wide association study (GWAS) panel. (A) the plot of 697 

delta k calculated for k = 2 - 9. (B) Population structure estimated for the GWAS panel at K = 4. 698 

Fig.4 Genome-wide association study (GWAS) manhattan plot for common rust resistance in the 699 

Drought Tolerant Maize for Africa (DTMA) panel. The dash line correspond to the threshold level 700 

defined at P = 3.70×10-6 by a false discovery rate (FDR) correction method. 701 

Fig.5 Plot of LOD scores of quantitative trait loci (QTL) analysis for common rust resistance 702 

across 10 maize chromosomes in the two bi-parental doubled haploid (DH) populations.  703 

Fig.6 Genomic prediction accuracy of common rust resistance in the Drought Tolerant Maize for 704 

Africa (DTMA) panel, DH1, and DH2. 705 



Figures

Figure 1

Violin plots of common rust scores in the (a) Drought Tolerant Maize for Africa (DTMA) panel, DH1, and
DH2 and (b) subgroups of the DTMA panel.



Figure 2

Linkage disequilibrium decay across all 10 maize chromosomes in the Drought Tolerant Maize for Africa
(DTMA) panel.



Figure 3

Population structure of the genome-wide association study (GWAS) panel. (A) the plot of delta k
calculated for k = 2 - 9. (B) Population structure estimated for the GWAS panel at K = 4.

Figure 4

Genome-wide association study (GWAS) manhattan plot for common rust resistance in the Drought
Tolerant Maize for Africa (DTMA) panel. The dash line correspond to the threshold level de�ned at P =
3.70×10-6 by a false discovery rate (FDR) correction method.



Figure 5

Plot of LOD scores of quantitative trait loci (QTL) analysis for common rust resistance across 10 maize
chromosomes in the two bi-parental doubled haploid (DH) populations.



Figure 6

Genomic prediction accuracy of common rust resistance in the Drought Tolerant Maize for Africa (DTMA)
panel, DH1, and DH2.


