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Abstract
Ascochyta blight (AB) is one of the most devastating fungal diseases of chick-

pea (Cicer arietinum L.). Conventional breeding has focused on exploiting and

introgressing major genes (qualitative effect) to improve AB resistance in released

varieties. However, such approaches are time-consuming and prone to the breakdown

of disease resistance due to the fast evolution of AB pathogen. Genomic selection

(GS) offers a promising alternative by predicting breeding values using genome-wide

single nucleotide polymorphisms (SNPs), regardless of major or minor effects. To

our knowledge, this is the first study to develop and implement GS to improve AB

resistance in chickpea. Over 4 years, 2790 chickpea lines, representing a broad range

of germplasm collections primarily sourced from the Australian Grains Genebank,

were evaluated for AB disease response in the field and in an outdoor pot-based

facility. Plants were genotyped with the Illumina multispecies pulse 30K SNP array,

resulting in 23,239 high-quality SNPs distributed across the genome. Intermediate-

to-high genomic prediction accuracies (0.40–0.90) were achieved across validation

scenarios. Bayesian modeling identified six major QTL explaining 33% of the

genetic variance for AB resistance, with the remaining variance explained by minor

effect genes. Using genomic estimated breeding values (GEBVs), 462 lines of the

2790 lines were predicted to have higher resistance compared to the released check

varieties, revealing the potential of further improvement of AB resistance for the

industry. The desirable genomic prediction accuracy obtained in the study supports

the applicability of GS to breed for AB resistance in chickpea.

Abbreviations: AB, Ascochyta blight; AGG, Australian Grains Genebank; CCDM, the Centre for Crop and Disease Management, Australia; FLIP, the Food

Legume Improvement Program; Fst, fixation indices; GBLUP, genomic best linear unbiased prediction; GEBV, genomic estimated breeding value; GRM,

genomic relationship matrix; GS, genomic selection; gVar, genetic variance; HT, herbicide tolerance; LD, linkage disequilibrium; MAF, minor allele

frequency; PCA, principal component analysis; QTL, quantitative trait loci; SNP, single nucleotide polymorphism; UWA, The University of Western Australia.
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Plain Language Summary
Ascochyta blight (AB) is one of the most devastating fungal diseases of chickpea.

Breeding for AB resistance has traditionally involved pyramiding major genes, how-

ever prone to failure due to the rapid evolution of the pathogen, and therefore, a

different approach is needed. Genomic selection (GS) is a popular approach which

considers both major and minor genes to predict breeding values to guide selection.

This is the first project that investigated the efficacy of GS to breed for AB resistance.

Our study found intermediate-to-high genomic prediction accuracies (0.40–0.90)

across validation scenarios, supporting the applicability of GS for AB resistance.

In addition, six major qualitative trait loci (QTL) were identified that explained 33%

of the genetic variance for AB resistance. Using genomic estimated breeding values

(GEBVs), 462 lines were predicted to have higher resistance compared to the released

check varieties, revealing the potential of further improvement of AB resistance for

the industry.

1 INTRODUCTION

Chickpea (Cicer arietinum L.) is one of the most important

cool-season legume globally in terms of planting area and pro-

duction, serving both human and animal consumption needs.

The global chickpea market was valued at AUD 21 billion

in 2022 and is projected to increase to AUD 31 billion by

2032 (Global Market Insight, 2023). In addition to being a

valuable protein source, chickpea fixes atmospheric nitrogen

through rhizobial association and supplies organic nitrogen

to the successive crop, provides monocot weed management

options, and can be used to break cereal disease cycles in

broadacre systems. However, the productivity of chickpea

can be significantly impacted by various biotic and abiotic

stresses. Among the biotic stresses, Ascochyta blight (AB) is

the most devastating disease, caused by the fungus Ascochyta
rabiei (syn. Phoma rabiei). The fungus can infect all above-

ground parts of the plant and is most severe when cool, cloudy,

and humid weather occurs during the crop growing season

(Moore et al., 2015). AB infection leads to a range of symp-

toms including lesions on leaves, stem, and pods, resulting in

a significant reduction in vigor, seed quality, and yield. The

grain yield losses due to AB in chickpea have been reported

to be up to 96% in susceptible varieties and 64% in moderately

susceptible varieties, highlighting the importance of breeding

for AB resistance (Fanning et al., 2022; Markell et al., 2008).

Developing resistant varieties remains the most cost-

effective and practical approach for disease management in

chickpea. Extensive research has identified multiple qual-

itative trait loci (QTL) contributing to AB resistance in

various experimental settings including glasshouse and field

trials using cultivated germplasm (Deokar Sagi, & Tar’an,

2019; Stephens et al., 2013; Sudheesh et al., 2021). How-

ever, narrow genetic diversity within cultivated germplasm

has limited the identification of useful sources of resistance

(Ghaffari et al., 2014; Jamalabadi et al., 2013). To address

this, novel resistance could be sourced from the broader

chickpea gene pool, including wild relatives and landraces

(Jha et al., 2022; Newman et al., 2021, etc.). Though con-

ventional breeding has delivered some success in enhancing

the level of AB resistance in cultivated germplasm through

the deployment of major resistance genes (Stephens et al.,

2013), the rapid evolution of the AB pathogens (Bar et al.,

2021; Deokar, Sagi, Daba, et al., 2019) often results in the

fast breakdown of resistance in released varieties. This high-

lights the need for the continuous monitoring of pathogen

populations and the deployment of new breeding strategies

that can better withstand pathogen evolution. Such strategies

could include exploiting both minor (quantitative) and major

(qualitative) effect genes to achieve improved and durable

resistance.

Genomic selection (GS) has gained popularity in plant

breeding over the past decade (Crossa et al., 2017; Jighly

et al., 2021; Lin et al., 2021; Windhausen et al., 2012).

GS is a statistical method that uses DNA markers with

genome-wide distribution to simultaneously account for qual-

itative (major genes) and quantitative (minor genes) marker

effects to estimate the genetic potential of selection candi-

dates. From a model trained by the reference population with

both phenotypes and genotypes, genomic estimated breeding

values (GEBVs) of selection candidates can be obtained with-

out directly measuring the candidates’ phenotypes. GS has

been shown to be especially beneficial in breeding for com-

plex traits that have low heritability and/or are difficult to

measure. GS can improve the rate of genetic gain per unit

time by improving selection accuracy and intensity, while
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T A B L E 1 Sources and description of the 2790 lines.

Collection Type No. of lines
CBA Breeding lines 396

CCDM Wild introgression lines 443

FLIP Pre-breeding materials from the

ICARDA

1212

HT Herbicide-tolerant mutants 7

UC Davis Wild introgression lines 193

UWA Cultivars/historical germplasm 15

Vavilov Cultivars/landrace 524

Total 2790

Abbreviations: CBA, Chickpea Breeding Australia; CCDM, Centre for Crop and

Disease Management; FLIP, Food Legume Improvement Program; HT, herbicide

tolerance; ICARDA, International Center for Agricultural Research in the Dry

Areas; UC Davis, University of California, Davis; UWA, University of Western

Australia.

reducing generation intervals (e.g., Gebremedhin et al., 2024;

Lin et al., 2016, etc.).

AB resistance in chickpea has previously been reported as

a moderately complex trait influenced by both major effect

genes and numerous minor effect genes (Daba et al., 2016;

Sudheesh et al., 2021). Hence, it is anticipated GS could

be an efficient approach to breed for improved AB resis-

tance in chickpea through the combining of both major and

minor effect resistance genes. To test the efficacy of GS,

we assessed a large and diverse set of Cicer germplasm

including landraces and wild Cicer introgression lines for AB

disease response under field and pot-based conditions. We

then investigated the genetic architecture for the observed AB

resistance and examined the prediction accuracy of GEBVs

for the trait to determine the applicability of GS for devel-

oping chickpea varieties with more durable resistance to AB

disease.

2 MATERIAL AND METHODS

2.1 Genotypic data

A total of 2790 chickpea lines were obtained from multi-

ple sources (Table 1). These comprised Australian released

cultivars; breeding lines from Chickpea Breeding Australia

(CBA), the Food Legume Improvement Program (FLIP),

and Vavilov collections sourced from the Australian Grains

Genebank (AGG, Horsham, Victoria); F4 and F5 families

derived from Cicer arietinum x C. arietinum subsp. reticula-
tum (L.) Ladiz. crosses developed by University of California,

Davis (UC Davis), and the Centre for Crop and Disease

Management (CCDM) Australia, as well as herbicide-tolerant

mutant lines (HT) and cultivars and historical lines derived

from The University of Western Australia (UWA)-led Coun-

Core Ideas
∙ This is the first study that developed and imple-

mented genomic selection (GS) to breed for

Ascochyta blight (AB) resistance in chickpea.

∙ Desirable genomic prediction accuracy was

achieved, supporting the applicability of GS to

breed for AB resistance.

∙ GS is being implemented to breed for AB resis-

tance materials for chickpea breeders.

cil of Grain Growers Organisation Pty Ltd (COGGO) funded

chickpea AB breeding project. The wild introgression lines

used in this study were developed in von Wettberg et al. (2018)

by crossing elite cultivars to several wild Cicer species from

Turkey.

All lines were genotyped using the Illumina multispecies

pulse single nucleotide polymorphism (SNP) assay described

in Gebremedhin et al. (2024). A total of 4449 SNPs were

used to impute 765,803 whole-genome sequence SNP using

Beagle v4.1 (Browning & Browning, 2013) and aligned by

CDC Frontier version 10 (Varshney et al., 2013). Following

stringent filtering based on a linkage disequilibrium (LD) slid-

ing window size of 200, R2 of pairwise LD < 0.99, R2 of

imputation > 0.8, and MAF > 0.05, a total of 23,239 high-

quality genome-wide SNP remained that were used for further

analysis.

2.2 Phenotypic data

Phenotyping of the 2790 chickpea lines was conducted both

in field trials and in a pot-based assay (Table S1) over 3

years (2020–2022). For details of the phenotyping methods,

see Atieno et al. (2024). In brief, field experiments were

conducted by Agriculture Victoria Research at Horsham, Vic-

toria, Australia (−36.74˚S, 142.11˚E) from 2020 to 2022. A

total of 10 seeds were sown in a 1-m single row in a par-

tial replicate design, from late June to early July each year.

To facilitate nitrogen fixation, each field plot was treated

with 5 kg per hectare of Rhizobium inoculant (Nodulator

Chickpea granular inoculant, BASF) along with the seed.

To maintain weed and insect pest-free conditions, appropri-

ate herbicides and insecticides were applied. Field plots were

inoculated at the four-node stage (late August to early Septem-

ber) with infected stubble from naturally infected field plants.

The pot-based screenings were conducted outdoor within

an irrigated shade house at the South Australian Research

and Development Institute, Adelaide, Australia (34.9670˚S,

138.6360˚E). Plants grown in pots were inoculated with single
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isolate of the target pathogen (isolates collected from south-

ern and northern regions). In addition, phenotypes collected

from the previous projects (2016–2019) were also included

to expand the training population for GS. Disease assess-

ment was performed by evaluating the percentage of stem

breakage (1%–100%) between October and November (flow-

ering stage) before disease progression was halted by warm

temperatures.

2.3 Data analysis

2.3.1 Genetic diversity between collections

To assess the genetic diversity of the germplasm, principal

component analysis (PCA) was conducted. Principal compo-

nents (PC) were estimated by fitting the genotypes of all lines

to “prcomp” (a default function of R [R-Core-Team, 2022]),

of which PC1 and PC2 were plotted using the “ggplot2” R-

package (Wickham, 2016). Population differentiations were

estimated by calculating fixation indices (Fst) between pairs

of collections (Table 1) using the “snpReady” R package

(Granato & Fritsche-Neto, 2018).

2.3.2 Pre-processing of the raw phenotypes

Using the data collected from pot-based assay, genetic cor-

relations were calculated to assess the relationship between

genotypic responses to different isolates used (Table S1). Due

to the high correlation observed (see Section 3 for detail), stem

breakage percentage measures from different isolates were

treated as a single trait, with data from the pot-based screens

averaged across isolates per genotype. For the field data, a

linear mixed model was fitted within each year to account for

spatial heterogeneity (i.e., row and column effects). Variance

components were estimated using REML, and BLUEs were

calculated for the fixed genotype effects using ASReml-R 4

(Butler et al., 2018) with the following model:

𝒚 = 𝑿𝒃 +𝒁𝒄𝒄 +𝒁𝒓𝒓 + 𝒆, (1)

where 𝒚 is the vector of the response variable (stem breakage

in percentage per year); 𝑿 is the incidence matrix of fixed

effects, and 𝒃 is a vector of fixed effects (in this case, the

population mean, replicates and the individual IDs); 𝒁𝒄 and

𝒁𝒓 are incidence matrices of random factors, and 𝒄 and 𝒓 are

vectors of the column and row effects; 𝒆 is the error term dis-

tributed as [0, 𝜎2eΣc(ρc)⊗Σr(ρr)], where ⊗ is the Kronecker

product, 𝜎2e is the error variance, and Σc(ρc) and Σr(ρr) are

the matrices of correlations within columns and within rows,

respectively, both modeled by using auto-regression structure

(AR1).

2.3.3 Heritability

Heritability of the percentage of stem breakage from the field

and the pot-based screening was estimated using the following

genomic best linear unbiased prediction (GBLUP) model:

𝒚 = 𝑿𝒃 +𝒁𝒈 + 𝒆, (2)

where 𝒚 is the vector of the response variable (field or pot-

based); 𝒃 is a vector of fixed effects (the population mean),

with its designed matrix 𝑿; 𝒈 is a vector of the random

additive genetic effects distributed as 𝑁(0, 𝜎2
𝑔
𝑮), where 𝜎2

𝑔

is the additive genetic variance and 𝑮 is the genomic rela-

tionship matrix (GRM) developed using SNP genomic data

(VanRaden, 2008) with its designed matrix 𝒁; and 𝒆 is the

error term distributed as 𝑁(0, 𝜎2
𝑒
𝑰), where 𝜎2

𝑒
is residual vari-

ance and 𝑰 is the identity matrix. The narrow sense heritability

was calculated as: ℎ2 =
𝜎2
𝑔

𝜎2
𝑔
+𝜎2

𝑒

.

2.3.4 Bivariate analysis with GBLUP

Two bivariate analyses were used to investigate correlations

in the datasets. The first analysis estimated the genetic cor-

relations between genotypic responses to different isolates.

In this analysis, trait 1 represented the stem breakage caused

by one isolate, while trait 2 represented the stem breakage

caused by another isolate. The purpose was to assess the

degree of genetic similarity or dissimilarity between genotype

responses to different isolates. The second bivariate analy-

sis focused on estimating the genetic correlation between the

stem breakage data measured in the field and in the pot-based

screen. Trait 1 in this analysis represented the field pheno-

types, and trait 2 as the disease scores obtained from the

pot-based screens. The bi-variate model used was:

𝒚 = 𝑿𝒃 +𝒁𝒈 + 𝒆, (3)

where 𝒚 is the vector of phenotypes as described above; 𝒃

is a vector of fixed effects (e.g., the population mean, fit-

ting trials of isolates when estimating between isolates, or

data sourced when estimating between field and pot-based),

with its designed matrix 𝑿; 𝒈 is a vector of the random addi-

tive genetic effects, distributed as 𝑁(0,𝑮0 ⊗𝑮) with 𝑮0 =

[
𝜎2
𝑔1

𝜎𝑔12
𝜎𝑔12

𝜎2
𝑔2

], 𝜎2
𝑔1

and 𝜎2
𝑔2

are the additive genetic variances for

traits 1 and 2, and 𝜎𝑔12
is the additive genetic co-variance

between traits 1 and 2, and 𝑮 is the GRM as described

in the section above; and 𝒆 is the error term distributed as

𝑁(0,𝑹0 ⊗ 𝑰) with 𝑹0 = [
𝜎2
𝑒1

𝜎𝑒12
𝜎𝑒12

𝜎2
𝑒2

] where 𝜎2
𝑒1

and 𝜎2
𝑒2

are

the residual variances for traits 1 and 2, respectively, 𝜎𝑒12 is
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the residual co-variance between traits 1 and 2, and 𝑰 is the

identity matrix as described in the section above. The genetic

correlation between traits was calculated as 𝑟𝑔 =
𝜎𝑔12√
𝜎2
𝑔1
∗ 𝜎2

𝑔2

.

2.4 Cross-validation

Multiple validation scenarios were implemented to evaluate

genomic prediction accuracy: (1) cross-validation between

isolates within the pot-based data, where GS models were

trained using the response of one isolate to predict the

response of another isolate; (2) fivefold cross-validation using

unique genotypes without any overlap between the training

and the validation population; (3) leave-one-year-out valida-

tion on the field data, with “year” fitted as fixed effect to

account for environmental variability; and (4) cross-validation

using the field data for model training to predict the pot-based

data and vice versa. Overlapping lines between the training

and test populations were removed from the training, except

when predicting field from pot-based and vice versa as that

would have removed all lines. GEBVs were calculated for all

genotypes evaluated in the study. The prediction accuracies

were assessed using the Pearson correlation between GEBVs

and phenotypes.

2.5 Identification of major QTL for AB
resistance

Bayesian modelling was undertaken to calculate marker

effects for the identification of major QTL associated with

AB resistance. In brief, phenotypic scores obtained from field

trials conducted over 3 years (2020–2022) were fitted to

the same model as described in Section 2.3.3, where “year”

was fitted as fixed effect to account for environmental vari-

ability. The adjusted phenotypes were then fitted to BayesR

(Breen et al., 2022), assuming 94%, 4.9%, 1%, and 0.1% of

SNP explained 0%, 0.0001%, 0.001%, and 0.01% of genetic

variances, respectively. The actual genetic variance (gVar)

explained by each marker was estimated using the equation:

gVar = 2 × 𝑝 × q × 𝜎2, (4)

where p and q are the frequencies of the reference and

alternative alleles per marker and σ is the marker effects

estimated by BayesR. The percentage of genetic variance

(%gVar) explained per marker was calculated as gVar /

Σ(gVar). The estimated marker effects were plotted using

“ggplot2” in R (Wickham, 2016). QTL were defined as the

markers that explained >1% gVar. Due to the high similar-

ity between the two systems in terms of revealing genotypic

responses to AB, only the outcomes from field data were

shown for QTL identification (for more details, see Sections 3

and 4).

2.6 Estimation of GEBVs from diverse
collections and comparison to the released
check varieties

Bivariate GBLUP model (the same as described in Sec-

tion 2.3.4) was trained using all field and pot-based data to

predict GEBVs for the 2790 lines. The performance of lines

from the diverse collections was measured and compared

to the released check varieties in this project based on the

GEBVs.

3 RESULTS

3.1 Genetic diversity, heritabilities, and
genetic correlations

PCA revealed distinct separations among the different

germplasm collections (Figure 1). Wild Cicer introgression

lines developed by CCDM and UC Davis showed a degree

of overlap, while the FLIP lines were clearly distinguished

from other collections, except for some overlap with the Vav-

ilov collection. The CBA breeding lines overlapped with the

FLIP, Vavilov, CCDM and UC Davis collections. The analysis

showed a small-to-moderate level of population differentia-

tion across the collections as evidenced by an Fst value of

0.197 for the overall collection. The Fst values for among

collections are shown in Table S2.

The numbers of lines overlapping between trials ranged

from 1 to 531 (Table S3). Data analysis revealed high nar-

row sense heritability for both the field data (0.82) and the

pot-based data (0.69). There was also a strong genetic corre-

lation (0.91) between field trials and pot-based assay. With

the exception of isolate TR8102, the majority of the iso-

lates showed strong genetic correlations with other isolates

(Table 2).

3.2 Cross-validations

Moderate-to-high genomic prediction accuracy was achieved

across all validation scenarios. The accuracy of predicting one

isolate using the other isolate as training set was found to be

moderate to high (0.40–0.90; Table 3). High accuracy was

also achieved for the field data using fivefold random cross-

validation (0.87 ± 0.01) and the leave-one-year-out method

(0.73–0.84). Similarly high accuracy was observed when the
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F I G U R E 1 Genetic diversity of the 2790 lines from the seven collections, with 54% variance explained by PC1 and 26% by PC2. CBA,

Chickpea Breeding Australia; CCDM, Centre for Crop and Disease Management; FLIP, Food Legume Improvement Program; HT, herbicide

tolerance; UCD, University of California, Davis; UWA, University of Western Australia.

T A B L E 2 Genetic correlations between responses to isolates estimated from the pot-based data.

16CUR018 TR8102 TR9571 AR0128 AR0226
16CUR018 –

TR8102 0.84 ± 0.04 –

TR9571 0.89 ± 0.03 0.27 ± 0.19 –

AR0128 0.81 ± 0.05 0.04 ± 0.14 0.84 ± 0.08 –

AR0226 0.90 ± 0.03 0.13 ± 0.16 0.27 ± 0.19 0.99 ± 0.01 –

T A B L E 3 Genomic prediction accuracy between isolates from the

pot-based data, pooled across years which data available.

Training
population

Validation
16CURY018 TR8102 TR9571 AR0128 AR0226

16CURY018 – 0.90 0.67 0.69 0.78

TR8102 0.56 – 0.40 0.52 0.52

TR9571 0.51 0.51 – 0.54 0.54

AR0128 0.55 0.76 0.67 – 0.66

AR0226 0.67 0.83 0.60 0.76 –

model was trained using field data to predict the pot-based

data (0.63) and vice versa (0.81).

3.3 Identification of major QTL for AB
resistance

Marker effects across the genome were estimated by BayesR

(Figure 2). Six QTL explaining a total of 33% of the genetic

variance were identified using the field data (Table 4). QTL

analysis was conducted using both field and pot-based assays,

with most QTL overlapping. Given the higher relevance

of field results for breeding practice, the study focused on

discussing the field data. Among these, the QTL on chro-

mosome 2 (chr2_36033767) explained the largest proportion

of the genetic variance (17.7%), followed by two QTL on

chromosomes 1 and 5 (chr1_40754110 and chr5_39193379)



LIN ET AL. 7 of 13The Plant Genome

F I G U R E 2 Manhattan plot of marker effects across the eight chickpea chromosomes, with identified qualitative trait loci (QTL) highlighted in

rectangles, estimated using pulled data from the field trials across 2020–2022.

T A B L E 4 Six qualitative trait loci (QTL) regions identified through BayesR analysis.

Chr Start End Peak position
Percentage of genetic variance
(%gVar)

1 40,696,866 41,136,378 40,754,110 3.8

2 35,932,089 36,069,106 36,033,767 17.7

3 29,694,732 31,498,390 30,047,057 1.9

5 8,826,941 9,408,172 9,238,098 2.6

5 39,193,379 39,817,464 39,193,379 3.8

7 12,853,075 13,041,287 13,041,287 3.2

with each explaining 3.8% of the genetic variance. The

remaining three QTL (chr3_30047057, chr5_9238098 and

chr7_13041287) contributed 7.7% of the genetic variance.

3.4 Estimation of GEBVs from diverse
collections and comparison to the released
check varieties

GEBVs for stem breakage were estimated for all genotypes

using a bivariate GBLUP model, where lower GEBVs indi-

cate higher AB resistance. Note that 462 of the 2790 lines

ranked better than the released check varieties. The distribu-

tion of GEBVs per germplasm collection is shown in Figure 3.

Across the collections, individual CBA and FLIP lines (the

red and the green boxplots in Figure 3) tended to show the

lowest GEBVs, and hence increased AB resistance. While

some lines from Vavilov also showed higher AB resistance

compared to the released check varieties in terms of GEBVs.

Details of GEBVs can be found in Supporting Information 1,

except the materials from CBA due to confidential reasons.

4 DISCUSSION

The current study evaluated the potential for deploying GS to

improve AB resistance in chickpea through exploiting quali-

tative and quantitative genome-wide marker effects. The high

genomic prediction accuracy achieved in this study validates

the possibility of deploying GS as an alternative approach to
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F I G U R E 3 Distribution of genomic estimated breeding values (GEBVs) for stem breakage among different germplasm collections. The dots in

red are the lines (n = 462) having more Ascochyta blight (AB) resistance than the released check varieties in terms of GEBV. The dots in bold black

(Chickpea Breeding Australia [CBA] only) are the released check varieties.

improve AB resistance in chickpea. Earlier studies have iden-

tified dominant or recessive genes affecting AB resistance in

chickpea (Farahani et al., 2019; Labdi et al., 2013; Singh &

Reddy, 1989, 1991). To date, conventional breeding programs

have focused on improving AB resistance through pheno-

typic selection. As a result, most released chickpea varieties

offer only partial resistance to AB and can exhibit various

responses to different isolates/strains of the pathogen (Chen &

Muehlbauer, 2003; Ramen et al., 2022). Due to narrow genetic

diversity in cultivated chickpea, new sources of AB resistance

are often introgressed into breeding germplasm from diverse

sources including landraces and wild relatives, which is time-

consuming. The ability of GS to rapidly accumulate both

major and minor effect genes into a single genotype may offer

a complementary approach to introgression for increasing AB

resistance in chickpea.

4.1 Correlation between field and
pot-based screening

The genotypic responses to different isolates screened in the

pot-based assay exhibited high genetic correlations (>0.8),

except for isolate TR8102 (0.04–0.27). One possible explana-

tion is the smaller degree of overlap of lines (<10) between

pot-based assay in which TR8102 was only tested in 2016

and 2017 (Table S3). Consequently, the correlation between

TR8102 and other isolates may have been underestimated.

A similar positive correlation in response to isolates (c. 0.8)

was reported by Pande et al. (2011). Overall, the high genetic

correlations observed in our study support our raw data

processing approach, which treated the response to differ-

ent isolates as a single trait. The results suggest a genotype

demonstrating durability to one isolate may also exhibit dura-

bility to other isolates. This highlights the potential of utilizing

GS to breed genetically durable chickpea varieties capable of

withstanding most, if not all, isolates.

High genetic correlation was observed between the field

and the outdoor pot-based screens. Field screening techniques

for AB response are well developed and have been refined

over the years through various experiments (Fanning et al.,

2022; Pande et al., 2011; Reddy et al., 1980; Singh, 1981).

These techniques involve interplanting susceptible spreader

lines and may include dispersing naturally infected debris

between rows as source of natural inoculum. In this study, the

outdoor pot-based facility offered a similar environment to the

field environment leading to high genetic correlation between

the two screening methods for adapted germplasm. Due to the

high similarity between the two systems in terms of reveal-

ing genotypic responses to AB, only field data were used for
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QTL identification. The high genetic correlation also suggests

breeders can use either screening systems to precisely identify

and select lines having desirable responses to specific isolates.

The high genetic correlation also holds significant promise

for scaling phenotyping efforts for well adapted germplasm,

particularly in breeding programs aimed at improving resis-

tance to AB. It also provides new opportunities to employ

high-throughput phenotyping approaches using unmanned air

vehicles in the field to reduce the labor and cost associated

with traditional phenotyping.

4.2 Identification of major QTL for AB
resistance

Six major QTL explaining 33% of the genetic variance for

AB resistance were identified across five chromosomes (Ca1,

Ca2, Ca3, Ca5, and Ca7). Previous studies have also reported

major QTL for AB resistance (Flandez-Galvez et al., 2003;

Granato & Fritsche-Neto, 2018; Iruela et al., 2006; Li et al.,

2018; Ramen et al., 2022; Tar’an et al., 2007; Tekeoglu

et al., 2002), notably on chromosome 4. For example, Deokar,

Sagi, and Tar’an (2019) reported two QTL on Ca4, qAB4.1,

and qAB4.2, conferring AB resistance. Similarly, Sudheesh

et al. (2021) reported a single QTL on Ca4 conferring AB

resistance from an interspecific cross between C. arietinum
and Cicer echinospermum. In this study, only intermediate

marker effects were observed on Ca4, which were below our

threshold for declaring the presence of a major QTL. Multi-

ple factors can contribute to the variability in reported QTL

regions. Variation in the genetic backgrounds of the chick-

pea germplasm evaluated in different studies can result in

the identification of distinct QTL. In Kottapalli et al. (2009),

the QTL for AB resistance detected varied across crosses,

with each cross having its unique genetic background (e.g.,

unique parental lines) within the mapping population. In addi-

tion, differences in pathogen virulence between studies and

genotype-by-environment-by-management interactions (G ×
E × M) can lead to the detection of different resistance loci.

The detection of six QTL in this study likely results from

a combination of the large population size screened and its

diversity, noting that it comprised collections capturing sig-

nificant proportion of global chickpea diversity, as well as C.
arietinum × C. a. reticulatum introgression lines. To the best

of our knowledge, most QTL identified are novel to any pub-

lished QTL, offering new sources of resistance for developing

AB resistant chickpea varieties.

4.3 Genetic responses and genomic
predictions

The AB responses observed in this study showed a high

degree of heritability, with a narrow-sense heritability of 0.82

for the field data and 0.69 for the pot-based data. These

estimates are consistent with previous studies. For example,

high (c. 0.8) heritability for AB resistance was reported for

half-diallel crosses between C. arietinum and wild species

of C. reticulatum and C. echinospermum (Danehloueipour

et al., 2007; Labdi et al., 2015). Similarly, high heritabil-

ity (0.67–0.85) was observed in reciprocal populations (e.g.,

two populations from different heterotic groups) for the trait

(Lichtenzveig et al., 2002). The high narrow-sense heritability

observed in this study indicates that most of the trait variance

is under genetic control, making it highly amenable to GS.

This finding is further supported by the intermediate-to-high

levels of genomic prediction accuracy observed across the dif-

ferent validation scenarios (Table 3). The small-to-moderate

level of population differentiation (Fst = 0.197) found among

overall population, in theory, can also facilitate the implemen-

tation of GS. These results demonstrate GS has the potential to

be a reliable approach to guide breeding decisions for improv-

ing AB resistance in chickpea. To the best of our knowledge,

no previous studies have evaluated GS for improving AB

resistance in chickpea. The closest known study by Carpen-

ter et al. (2018) explored genomic prediction accuracy for AB

resistance in pea (Pisum sativum L.). In comparison to their

findings, the accuracies achieved in our study are higher, pri-

marily due to our use of a larger training population and a

single AB pathogen affecting chickpea compared to field pea,

where the disease in pea can be caused by a complex of three

different pathogens.

Genomic prediction accuracy was high when using the field

data to predict responses from the pot-based data for well

adapted germplasm and vice versa. This was expected given

the high (0.91) genetic correlation between the field and the

pot-based screens. Also interesting was the intermediate to

high level of accuracy observed when a genomic prediction

model trained on one isolate was used to predict the response

to another. This is likely due to that most AB isolates in Aus-

tralia share common ancestry and low diversity of the test

strains due to the presence of a single mating type (MAT1-2;

Bar et al., 2021). Therefore, isolates in Australia have similar

genetic response, facilitating the process of using one isolate

to predict another.

In addition, in terms of GEBVs, the study found that AB

resistance was relatively absence in wild introgression lines

(CCDM and UC Davis, Figure 3), while a comparatively

wider range of resistance traits in cultivated introgression

lines (e.g., CBA). This is consistent with the absence of nat-

ural selection for AB resistance in wild Cicer populations.

AB is a disease driven by moisture and temperature (Moore

et al., 2015). The high plant density and closed canopies that

typified chickpea agriculture created local humidity within

the canopy, consequently facilitating disease development.

However, these conditions are absent from the populations

in the wild that are normally in low plant density and small

local population sizes. Thus, it is likely that AB occurred in
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agriculture would never reach epidemic proportions in the

wild, and consequently, natural selection of AB is absent in

the wild (McDonald & Stukenbrock, 2016). The high level

of resistance observed in the commercial breeding lines from

CBA was due to the enrichment of AB resistance introgressed

from wild chickpea (Kristy Hobson, personal communication,

2024), with completely different sources of wild Cicer sources

in their backgrounds compared to the ones from CCDM and

UC Davis screened in this study.

4.4 From qualitative to
quantitative—Implications for breeding

Currently, all Australian commercial chickpea varieties pos-

sess partial resistance to AB, being rated moderately sus-

ceptible or susceptible (GRDC, 2024). The susceptibility of

these varieties to rapid changes in AB pathogen virulence

makes the development of durable resistance a pressing need.

Historically, large effect QTL identified from genetic map-

ping studies have been introgressed into breeding germplasm

to develop AB-resistant chickpea varieties. While numerous

QTL have been identified to date (Flandez-Galvez et al., 2003;

Granato & Fritsche-Neto, 2018; Iruela et al., 2006; Li et al.,

2018; Ramen et al., 2022; Tar’an et al., 2007; Tekeoglu et al.,

2002), the ongoing discovery of new QTL is constrained by

the narrow diversity present within the gene pool of cultivated

chickpea (Abbo et al., 2003; Admas et al., 2021; von Wettberg

et al., 2018). This has led to the search for useful sources of

resistance to AB in the wider chickpea gene pool including

landraces and cross-compatible annual Cicer relatives (Jha

et al., 2022; Newman et al., 2021, etc.).

The observation in our study and by others that AB resis-

tance in chickpea is a moderately complex trait, controlled

by both minor and larger effect genes (Deokar, Sagi, &

Tar’an, 2019; Sudheesh et al., 2021), places GS as a powerful

alternative for breeding chickpea varieties with more durable

AB resistance. By using genome-wide markers to estimate

genomic breeding values, GS allows for the identification

of superior lines that possess both major and minor resis-

tance genes. In our study, the cumulative effect of minor

resistance genes explained 67% of the genetic variance for

AB resistance. This suggests that considerable improvements

in AB resistance can be achieved by accumulating minor

effect genes, along with larger effect genes, into a single

genotype. Applying GS will allow breeders to better exploit

existing genetic variation within the cultivated gene pool,

while simultaneously introgressing larger effect genes for AB

resistance into new varieties. As found in the study, 462 out

of 2790 lines had better AB resistance than released check

varieties in terms of GEBVs (mainly from the collections

of CBA, FLIP, and Vavilov, details see Atieno et al., 2024),

revealing the potential of further improvement for AB resis-

tance for the industry by targeted, GS-predicted combination

of germplasm from the panel.

5 CONCLUSION

The present study has demonstrated the potential of deploying

GS to breed for AB resistance in chickpea. The intermediate-

to-strong genomic prediction accuracy achieved in the study

provides evidence in support of implementing GS to guide

breeding decision of AB resistance. Compared to the con-

ventional breeding strategy, a genomic approach utilizing

GEBVs predicted by genome-wide distributed markers would

be more efficient for breeding for durable AB resistance, tak-

ing qualitative and quantitative marker effects into account. In

addition, the six major QTL identified in the study are distant

to any published QTL. Further study is required to assess the

potential of the newly identified QTL as new sources of AB

resistance for commercial chickpea in Australia.
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