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Abstract

Background
Improving crop productivity per unit of water and nitrogen is central to climate resilient sorghum improvement, yet the genetic architecture of biomass-based
resource productivity remains poorly resolved across contrasting production environments. This study integrated multi-environment phenotyping with
1.75 million SNPs derived from whole genome resequencing of 172 cultivated Sorghum bicolor and S. bicolor × S. halepense derivative lines evaluated across
temperate Mediterranean and semi-arid tropical environments.

Results
Biomass-based water productivity and partial factor productivity of applied nitrogen displayed extensive genetic variation and high broad-sense heritability of
0.75 to 0.81, whereas grain-based indices were more strongly influenced by genotype × environment interaction. Multi-model genome wide association
analyses identified 27 significant SNPs defining 22 genomic regions for biomass-based productivity. A recurrent chromosome 9 signal at S09_55037491 was
detected across three analytical models and biomass-derived indices and colocalized with Sobic.009G200500, a nitrate-responsive HAT3.1 homeobox
transcription factor. Haplotype analysis independently prioritized two additional loci: a chromosome 9 haplotype associated with a 2.7-fold difference in
biomass-based water productivity and containing an AHP-like cytokinin-signaling gene, and a chromosome 5 haplotype associated with a 1.86-fold
difference and encompassing DAD1, a phospholipase implicated in jasmonate biosynthesis. Candidate gene prioritization also implicated aquaporin-
mediated transport, trehalose-6-phosphate metabolism, oxidative signaling and, provisionally, C4 carbon assimilation. Most favorable common haplotypes
occurred within cultivated germplasm rather than the introgressed lines.

Conclusions
Together, these findings reveal genetically tractable loci and biological pathways underlying sorghum biomass productivity per unit of supplied water and
nitrogen. Following independent validation, the identified SNPs and haplotypes could support diagnostic marker development and haplotype informed
selection, while genomic selection remains more appropriate for environmentally sensitive grain-based productivity traits.

Background
Agriculture must produce more food with less water and less fertilizer. Irrigated agriculture accounts for about 70% of global freshwater withdrawals, and
roughly four billion people face severe water scarcity for at least one month a year [1, 2]. Nitrogen (N) fertilizer poses a parallel problem: less than half of the
N applied to cropland is recovered in the harvested product, and the residue is lost as nitrate to ground and surface water and as nitrous oxide, an ozone-
depleting greenhouse gas with about 270 times the warming potential of CO2 [3–5]. Nitrogen flows are now among the most severely transgressed Earth
environmental boundaries [6]. Closing yield gaps by adding more water and N is therefore no longer an option, and further gains must come from the crop
itself.

Resource use efficiency (RUE) describes how effectively a crop converts an acquired resource into biomass or grain [7]. Its two agronomically decisive
components require separate definitions. Water use efficiency (WUE) is the biomass or grain produced per unit of water [8]. At field scale this is an
agronomic water productivity, which differs from the transpiration based or leaf level intrinsic WUE measured by gas exchange or carbon isotope
discrimination. Nitrogen use efficiency (NUE) describes how well a crop takes up N, assimilates it and converts it into harvestable product, and it can be
decomposed into several components [9]. In this study, NUE is represented by the partial factor productivity of applied N (PFPAN), the yield obtained per unit
of N applied [10, 11]. Because sorghum is grown for both grain and biomass, WUE and PFPAN were each calculated on a dry biomass (DBM) basis and on a
grain yield (Gyld) basis, giving four indices that cover vegetative and reproductive resource conversion. Biomass based indices matter for forage and dual
purpose systems, and grain-based indices for food grain production [12, 13].

Sorghum is well suited to the study of RUE. It is the world's fifth most important cereal and a staple for more than 500 million people across semi-arid Africa
and South Asia [14]. It combines C4 photosynthesis, a deep and plastic root system and a well documented capacity to yield on marginal, low input soils [13,
15, 16]. Gains in RUE in sorghum would therefore benefit directly the production systems that need them most, rather than adding small increments in
environments that are already optimized.

The main obstacle is allelic rather than agronomic. Domestication and a century of selection under high inputs have narrowed the cultivated sorghum gene
pool, and alleles that improve growth per unit of water and N have rarely been targeted by selection. Sorghum halepense (L.) Pers. (Johnsongrass), the
closest perennial wild relative of cultivated sorghum, retains traits absent from cultivated germplasm, including rhizomatous perenniality, deep roots and
vigorous regrowth [17–19]. Long treated as a weed, it is better regarded as a genetic reservoir. Whole genome resequencing (WGRS) of the S. bicolor × S.
halepense (Sb×Sh) panel used here showed that the introgressed sub-population carries more SNPs and structural variants than cultivated sorghum, and that
its private genes are enriched in Gene Ontology categories relevant to RUE, including N compound transport, response to abiotic stimulus, hormone signaling
and root development [20]. Wild relative introgression has already contributed useful alleles to rice, maize and wheat [21–23], but it has rarely been exploited
for RUE in sorghum. The first question addressed here is therefore what wild relative introgressions contribute to RUE.

The second question is whether water use and N use share a genetic basis. There are mechanistic reasons to expect overlap. Aquaporins transport water
and, in several characterized members, also ammonia and urea, so a single channel protein can influence the uptake of both resources [24, 25]; the nodulin-
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26-like intrinsic proteins (NIPs) additionally transport a range of small solutes [26]. Trehalose 6-phosphate is a signaling metabolite that reports carbon
status and, through it, matches growth to N availability [27, 28]. Cytokinin phosphorelay links nitrate availability to root architecture and shoot growth [29, 30].
If such nodes carry natural variation, single genomic regions could influence both WUE and PFPAN, and such regions would be particularly valuable because
water and N supply commonly vary together in the field.

Converting either answer into a breeding tool needs strong associations. Linkage disequilibrium (LD) decays rapidly in sorghum (1–20 kb; [31–33]), so WGRS
density genotyping can narrow an association to a few genes. Dissecting haplotypes within LD defined windows captures allele combinations that single
markers miss and provides more robust tags for marker assisted selection (MAS) [34–36]. Tissue resolved transcriptome atlases add an independent filter, a
candidate whose expression corresponds to the organ in which the trait is expressed, such as roots for water uptake or seed for grain-based indices, is more
likely to be causal than one whose expression does not [37–39]. The third question is therefore which biological pathways emerge as promising breeding
targets for resource-efficient sorghum.

A recent review of sorghum root system architecture and RUE identified persistent gaps that limit progress on these questions. RUE and root traits are rarely
combined in a single genetic framework, S. halepense introgressed germplasm is underused, and water and N productivity indices have rarely been dissected
jointly on both a biomass and a grain basis across environments [16]. Here, these gaps are addressed by phenotyping a diverse sorghum panel comprising S.
bicolor and Sb×Sh genotypes for RUE in temperate Mediterranean and semi-arid tropical environments, associating the indices with WGRS derived SNPs, and
following each robust signal through to candidate genes, tissue specific expression and haplotype structure. The outcome is a ranked set of biological
hypotheses on how sorghum converts water and N into biomass and grain.

Methods
Plant material

The germplasm from the parents fell into two categories. The annual parents were lines of S. bicolor comprising four types, which included standard diploids
(2n = 20), induced tetraploids (2n = 40), cytoplasmic genetic male sterile lines and genetic male sterile lines. The perennial parents were S. halepense plants
together with their tetraploid derivatives. Interspecific recombinant inbred lines (RILs) were obtained from crosses between annual and perennial (A/P), from
A/P backcrosses, from crosses between perennial and perennial and from A/P × perennial crosses, and then the resulting lines were subjected to repeated
selfing and phenotypic selection until the F4–F7 generations were reached. As selection was carried out over the generations, the undesirable traits
associated with the wild parents such as seed shattering, small kernels, excessive tillering and abnormal inflorescence shape were eliminated, while the
introgressed genomic background was retained [20, 40].

The panel of genotypes included 172 lines, consisting of 153 inbred lines of the cultivated S. bicolor and tropical landraces from Africa and Asia, as well as
19 Sb×Sh RILs which had been derived from A/P crosses (there were 12 of these), from A/P crosses that had been backcrossed to the annual parent (six of
these), and one cross that involved an A/P and a perennial plant. The genotypes, together with their pedigrees and cross categories, are given in Additional
file 1: Table S1. The whole genome resequencing (WGRS) for this panel was previously reported by Habyarimana et al. [20] and the variant set from that study
was used in this case.

Field environments, treatments and environmental combinations

Trials were conducted in three environments, each denoted by a single acronym throughout:

IT21: CREA Research Centre, Anzola dell'Emilia, Bologna, Italy (44°32′ N, 11°12′ E, 24 m a.s.l.), 2021. The area has a temperate Mediterranean climate.
The soil is alluvial silt loam.

IND22: ICRISAT, Patancheru, India (17°32′ N, 78°16′ E, 549 m a.s.l.), 2022–23 season. Semi-arid tropical climate. Vertisol soil.

IND23: The ICRISAT site in Patancheru, during the 2023–24 season; at the same location as IND22 in the preceding season.

IT21 stands for the temperate, radiation rich, spring sown conditions found in southern Europe, where sorghum is primarily grown as fodder and for
bioenergy production [41]. IND22 and IND23 refer to the semi-arid tropical conditions that occur after the rainy season and are characterized by decreasing
moisture in peninsular India, where sorghum is used as a food grain and as a dual-purpose crop [19]. By comparing these systems, this study tested whether
the RUE alleles are consistent across the range of environments in which sorghum is grown or only within a single type of production system. Although
IND22 and IND23 were conducted at the same location, the two successive seasons were treated as separate environments.

Each environment used an augmented randomized complete block design [42], with check cultivars replicated in every block and unreplicated test
genotypes. The checks were used to estimate block effects and to obtain best linear unbiased estimates (BLUEs) for the test entries. Trial size differed
among environments. IT21 had 172 test genotypes, 6 checks and 5 blocks; IND22 had 170 test genotypes, 13 checks and 5 blocks; and IND23 had 156 test
genotypes, 4 checks and 12 blocks. Two input treatments were applied in each environment: +H₂O+N (full irrigation plus the recommended N dose) and
−H₂O−N (reduced irrigation and no N fertilizer). Standard sorghum agronomy was applied at each site, and no major pest or disease pressure was recorded.
The primary traits were recorded in both treatments (Additional file 1: Tables S3, S5), whereas the RUE indices analyzed here refer to the +H₂O+N treatment,
because PFPAN is undefined when no N is applied.

The total seasonal water input (W, in mm) consisted of the rainfall that occurred during the season plus the supplemental irrigation given to each treatment.
W is thus a quantity of applied water which is the same for all the genotypes within a given treatment and not a measurement specific to the transpiration of
any genotype. At IT21 the volume of irrigation was measured using an automated in line flow meter and then converted into water depth per plot. At IND22
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and IND23 the irrigation depth was estimated from the volume applied and the area of the plot in accordance with the FAO methodology [43]. For the fully
rainfed plots W was set equal to the cumulative seasonal rainfall. In the +H₂O+N treatment W amounted to 262 mm at IT21, 1,268 mm at IND22 and 1,750
mm at IND23, and nitrogen (N) was applied at a rate of 140 kg ha−1 at IT21 and 160 kg ha−1 at IND22 and 180 kg ha−1 IND23.

Grain yield and the grain-based indices were only recorded in India, which is why two environmental combinations were established (Additional file 1: Table
S2). Combination 1 (IT21 + IND22 + IND23) is the one that supports the biomass-based traits, these being those with the suffix “_1” (for example,
WUE_DBM_1). Combination 2 (IND22 + IND23) supports both the biomass and the grain based traits, the latter not having any suffix (for example,
WUE_DBM). This practice is applied consistently throughout the manuscript, the tables and the figures.

Phenotyping and calculation of RUE indices

The main measurements taken for each plot were the number of days to flowering (DF), plant height (PlHt, in cm), dry matter content (DM, %), aboveground
dry biomass (DBM, in kg ha⁻¹) and grain yield (Gyld, in kg ha⁻¹). WUE and PFPAN were each calculated based on both DBM and Gyld according to Moll et al.
[10] and Cassman et al. [11], which resulted in four RUE indices: WUE_DBM, WUE_Gyld, PFPAN_DBM and PFPAN_Gyld (Table 1). Since grain yield was only
recorded in India, the grain-based indices are available only for Combination 2, and six trait × combination variables were analyzed: WUE_DBM_1 and
PFPAN_DBM_1 for Combination 1, and WUE_DBM, WUE_Gyld, PFPAN_DBM and PFPAN_Gyld for Combination 2.

Table 1. Abbreviations, descriptions, units and formulae of the agronomic and resource-use efficiency (RUE) traits analyzed in this study.

Abbreviation Trait (unit) Definition or formula

DF Days to flowering (d) Number of days from sowing to 50% of plants at mid-flowering

PlHt Plant height (cm) Average height from the soil surface to the tip of the panicle

DM Dry matter content (%) (Dry mass/fresh mass) × 100 (oven-drying at 60°C to constant
weight)

DBM Aboveground dry biomass (kg ha−1) Total dry biomass produced per hectare

Gyld Grain yield (kg ha−1) Total grain weight harvested per hectare

WUE_DBM Water use efficiency, dry biomass basis (kg ha−1 mm−1) DBM/W

WUE_Gyld Water use efficiency, grain yield basis (kg ha−1 mm−1) Gyld/W

PFPAN_DBM Partial factor productivity of applied N, dry biomass basis (kg kg−1

N)
DBM/N applied

PFPAN_Gyld Partial factor productivity of applied N, grain yield basis (kg kg−1

N)
Gyld/N applied

W: the total seasonal water input (i.e. the rainfall during the season plus the irrigation, in mm); N: nitrogen fertilizer applied (in kg ha–1). Traits that are estimated
from Combination 1 of the three environments are followed by the suffix “_1” (for example, WUE_DBM_1).

The interpretation of these indices depends on two factors. The first of these is that the WUE calculated here refers to the amount of biomass or grain
obtained per unit of water supplied, which means it is an agronomic water productivity figure and not transpiration efficiency or leaf-level intrinsic WUE. The
second point is that all the genotypes in a given environment were given the same amounts of W and N; consequently, for any particular environment the
WUE and the PFPAN are the same yield divided by different constants; the differences between WUE and PFPAN in the multi-environment BLUEs result from
the different way in which the environments are weighted according to their water and nitrogen inputs.

Statistical analysis

For each environment, analysis of variance (ANOVA) was carried out using the augmented RCBD model yij = μ + bj + gi + εij, with the block term entered
before the genotype (type I sums of squares), in R v4.3 [44] with the aid of the lme4 package [45]. The variance components were estimated by the method of
moments and the per-environment ANOVA tables are provided in Additional file 1: Table S3. The combined model for all environments was

yijk = μ + Ej + Bk(j) + gi + (gE)ij + εijk

The values of σ²G, σ²G×E, σ²Env, σ²B(E) and σ²ε were obtained from the expected mean squares [46]. The results of the combined ANOVA are provided in
Additional file 1: Table S4. Broad-sense heritability as well as the genotypic and phenotypic coefficients of variation were estimated as

GCV (%) = 100 × √σ²G/x̄; PCV (%) = 100 × √σ²P/x̄

H² = σ²G/(σ²G + σ²G×E/e + σ²ε/(e·r̄))

where x̄ is the trait mean, e the number of environments and r̄ the harmonic-mean replication, and σ²P is the phenotypic variance of genotype means, per-
environment heritability was estimated as H² = σ²G/(σ²G + σ²ε/r̄). H² was classified as high (≥ 0.60), moderate (0.30–0.60) or low (< 0.30) following Robinson

et al. [47], and interpreted jointly with GCV following Burton [48]. Per-environment genetic parameters are given in Additional file 1: Table S5.
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The BLUEs were obtained in two stages. First, the per-environment BLUEs were derived from the augmented RCBD mixed model in which genotype was
treated as fixed and block as random. Then, the multi environment BLUEs were obtained from the per environment adjusted means by taking genotype as
fixed and both environment and block within environment as well as the G × E interaction as random [49], separately for Combinations 1 and 2 (Additional file
1: Table S6). These BLUEs were used as the response variables in all the subsequent analyses.

The relationships among the various traits were examined using principal component analysis (PCA) of the genotypic BLUE values, with the analysis carried
out separately for the six traits in Combination 1, the nine traits in Combination 2 and the combined set of 15 trait × combination variables; missing BLUEs
were imputed by regularized iterative PCA (missMDA; [50]). Biplots of PC1 and PC2 were produced using matplotlib [51], grouping the genotypes by sub-
population (Sb and Sb×Sh).   

Whole-genome resequencing and variant calling

The genotypic data were sourced from Habyarimana et al. [20]. For this, high molecular weight DNA was extracted from 10 day old, etiolated seedlings using
the CTAB method and then sequenced on the DNBseq PE150 platform at a depth of 20×. The reads were quality filtered using SOAPnuke [52], aligned to the
S. bicolor BTx623 v3.1.1 reference sequence with BWA-MEM [53], and duplicates were identified using Picard v1.118. Variants were detected with GATK
HaplotypeCaller and the genotypes were called jointly using GenotypeGVCFs. After filtering with VCFtools v0.1.16 [54], only biallelic SNPs with a minor allele
frequency (MAF) of at least 0.05, a site quality Q of at least 40 and a missingness rate of 20% or less were retained. The remaining missing genotypes were
imputed using Beagle v5.1 [55]. The final matrix consisted of 1,752,624 high-confidence SNPs.

Population structure, kinship, and linkage disequilibrium

Genetic differentiation between the Sb and Sb×Sh groups was assessed using TASSEL HapMap genotypes [56], with individuals assigned to populations
based on pedigree. SNPs were filtered for minor allele frequency ≥0.05, ≤20% missing data, and at least eight genotyped individuals per population. Genome-
wide and chromosome level differentiation (FST; [57]) was estimated using the Weir and Cockerham [58] method, with Hudson's estimator used for
comparison. Overall FST was calculated from average values, with 5 Mb block jackknife confidence intervals to account for linkage among nearby SNPs [59].
Population structure was assessed using a model based admixture approach [60, 61] after SNP filtering, physical thinning, and LD pruning (r² > 0.2). The
number of ancestral groups (K) was selected using cross entropy. A neighbor joining tree, genomic relationship matrix [62], and hierarchical clustering were
also generated. The first three principal components were included as covariates in all association analyses, and the VanRaden kinship matrix was fitted as a
random effect in MLMM, whereas BLINK and FarmCPU control relatedness through iteratively selected pseudo-QTNs [63, 64]. LD decay was estimated from
SNP pairs within 500 kb on each chromosome using PopLDdecay [65]. The estimated half-decay distance was 13.78 kb, which was used as the ±13.78 kb
window for candidate-gene annotation and haplotype analysis.

Genome-wide association analysis and model selection

The association analyses were carried out using version 3 of the R package GAPIT [66]. Three multi locus methods were applied in parallel, BLINK [67],
FarmCPU [68] and MLMM [69]. The genome wide significance level was set at a Bonferroni-corrected p value of p < 0.05/m = 2.85 × 10−8 (−log10p > 7.54),

with m equal to 1,752,624. Manhattan and quantile quantile (Q–Q) plots were generated using the R packages CMplot [70] and qqman [71].

The fit of the model was evaluated using the genomic inflation factor λGC, which is the ratio of the median observed to the median expected χ² statistic [72].
Any combinations of trait and model for which λGC was greater than or equal to 1.35 (indicating residual inflation) or less than or equal to 0.90 (indicating
over-correction) were excluded [73], and only the associations from the models that remained were included (Table 3). Associations involving SNPs that were
detected by two or more of the retained models were classified as high-confidence associations.

The amount of phenotypic variance accounted for by a single SNP (PVE) is given in the text, but it is likely to be biased upwards in a panel of this size, a
phenomenon recognized as the Beavis effect [74–76]. Because PVE values represent upper limits, conclusions were based on the consistency of
associations across models, traits, and environments rather than on the exact PVE estimates.

Candidate gene identification, annotation and expression profiling

All annotated gene models within ± 13,778 bp of each significant SNP were extracted from the BTx623 v3.1.1 annotation in Phytozome v13 [77] and
compared with Ensembl Plants (https://plants.ensembl.org); overlapping windows from multi model hits were merged. Gene Ontology (GO) annotations were
retrieved from Phytozome, UniProt [78] and PANTHER [79]. Candidates were prioritized on three criteria: (i) an annotated function relevant to N metabolism,
water transport, stomatal regulation, hormone signaling or carbon assimilation; (ii) tissue appropriate expression in the JGI Plant Gene Atlas and
SorghumBase [80, 81], which cover 33 tissues and developmental stages, including nitrate and urea treatment series [38]; and (iii) orthology to functionally
characterized genes in Arabidopsis, rice or maize. All genes in the annotation windows are listed in Additional file 1: Table S8, and the priority candidates in
Table 5. Tissue specific log2 FPKM profiles were visualized with TBtools [82].

Haplotype based analysis of associated loci

For each significant SNP, WGRS markers within ±13.78 kb were extracted from the imputed matrix and coded as 0/1/2, with the major allele coded as 0.
Haplotypes were constructed for each individual, and haplotypes with <5% frequency or fewer than five carriers were grouped as residual and excluded. The
remaining haplotypes were labelled H1, H2, etc., according to their frequency.
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Haplotype phenotype associations were tested using the model Y = HapID + PC1 + PC2 + PC3 with genotypic BLUEs. HapID effects were tested using type II
ANOVA, followed by Tukey HSD comparisons with emmeans and multcomp [83]. P values across all locus × trait tests were adjusted using both the
Benjamini–Hochberg (BH) method [84] and Bonferroni correction, and both adjusted values were reported. Because rare haplotype filtering can change the
population composition, the analyzed and excluded individuals were recorded for each locus. For the recurrent chromosome 9 locus, a separate analysis was
performed for its three related traits, including a median joining haplotype network based on the 27.6 kb window (pegas; [85]). Boxplots and forest plots of
haplotype effect sizes were also generated [86].

Results

Two distinct gene pools and gene level mapping resolution
Following quality filtering, 1,752,624 high confidence SNPs were kept and the panel divided into two clearly separated gene pools. The unrooted phylogeny
showed that the Sb×Sh RILs formed a distinct and well supported clade which branched off from the S. bicolor cultivars and landraces (Fig. 1B), and PC1 to
PC3 separated the RILs as a tight cluster from the more widely scattered cultivated accessions (Fig. 1A). The ancestry estimation revealed a clear split.
Cross entropy was lowest at K = 5, with K = 4 showing a nearly identical value, while all 18 introgression lines formed one cluster (mean ancestry = 0.999),
and the 148 cultivated entries were distributed among the remaining four, with 93 showing a maximum ancestry coefficient > 0.70 (Fig. 1C). Marker density
varied across chromosomes, with > 4,000 SNPs/Mb in distal regions of chromosomes 1, 8, 9 and 10 and < 1,150 SNPs/Mb in centromeric regions of
chromosomes 2, 3 and 7 (Fig. 2A); genome-wide LD half-decay was 13.78 kb, which was used as the ± 13.78 kb window for candidate-gene and haplotype
analyses (Fig. 2B).

Contrasting genetic architecture of biomass and grain based efficiency traits
The BLUE values were calculated for the main agronomic traits (DF, PlHt, DM, DBM and Gyld) and for the RUE indices (WUE_DBM, WUE_Gyld, PFPAN_DBM
and PFPAN_Gyld), along with the corresponding values for Combination 1 (WUE_DBM_1 and PFPAN_DBM_1), under both environmental combinations
(Additional file 1: Table S6). For most of the morphological traits the distributions were almost symmetrical (skewness ranging from − 0.39 to 0.77, except DF
and DBM in Combination 2, with 1.05 and 2.02, respectively) while the RUE indices were right-skewed, the biomass-based ones being strongly so (1.11 to
2.30) and the grain-based ones to a moderate extent (0.48 to 0.56), and showing wide genetic ranges (Additional file 2: Figs. S1, S2).

For nearly all the traits, under both combinations, the effects of genotype, environment, the block within the environment and the interaction between
genotype and environment were highly significant (p < 0.001) (Additional file 1: Table S4). In Combination 1, the environment F values exceeded the genotype
F values 38- to 224-fold (for instance, FEnv = 3,610.5 compared to FG = 54.3 for DF_1), which shows that IT21 and the Indian environments are indeed
contrasting and therefore supports the use of the multi-environment BLUE strategy. In Combination 2 the contrast was much smaller, and for PFPAN_DBM
the genotype F value exceeded that of the environment (14.76 vs 11.64). The genotype by environment interaction was also significant (p < 0.001) for all six
of the RUE traits by combination variables (Additional file 1: Table S4).
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Table 2
Mean, range, variance components, coefficients of variation and broad-sense heritability of agronomic and RUE traits in the + H₂O + N

treatment, from the combined multi-environment analyses.
Trait Mean Range CV (%) σ²G σ²G×E σ²E GCV (%) PCV (%) H²

Combination 1 (IT21 + IND22 + IND23)

DF_1 76.63 51.00–164.0 3.17 87.88 40.08 5.91 12.23 13.25 0.85

PlHt_1 242.2 90.00–480.0 3.98 1,621.59 709.9 93.04 16.63 17.94 0.86

DM_1 40.22 21.93–65.62 8.27 22.20 6.00 11.05 11.71 13.10 0.80

DBM_1 11,279.06 981.3–67,949.48 25.29 38,070,000 22,790,000 8,139,000 54.70 61.60 0.79

WUE_DBM_1 27.29 1.28–257.4 36.76 453.4 353.8 100.6 78.04 90.04 0.75

PFPAN_DBM_1 73.99 7.01–485.4 26.81 1,897.70 1,176.56 393.4 58.88 66.43 0.79

Combination 2 (IND22 + IND23)

DF 71.08 51.00–164.0 2.17 78.86 36.69 2.38 12.49 13.95 0.80

PlHt 226.8 122.0–427.8 3.72 881.8 478.5 71.28 13.09 14.99 0.76

DM 43.74 23.00–65.62 8.05 17.44 12.79 12.39 9.55 12.47 0.59

Gyld 2,782.38 833.3–10,000.00 7.64 406,900 746,000 45,152.62 22.93 32.18 0.51

DBM 7,305.94 2,241.03–24,290.34 14.87 7,823,000 2,981,000 1,181,000 38.28 43.02 0.79

WUE_DBM 4.97 1.28–19.16 17.32 3.63 1.05 0.74 38.37 42.77 0.81

WUE_Gyld 1.89 0.48–5.71 7.93 0.18 0.33 0.02 22.45 31.48 0.51

PFPAN_DBM 42.59 12.11–151.8 16.12 267.3 86.20 47.14 38.39 42.84 0.80

PFPAN_Gyld 16.21 4.50–54.05 7.75 13.58 24.43 1.58 22.74 31.80 0.51

CV, coefficient of variation; σ² G , genotypic variance; σ²G×E, genotype × environment variance; σ²E, residual variance; GCV and PCV, genotypic and phenotypic
coefficients of variation; H², broad-sense heritability = σ²G/(σ²G + σ²G×E/e + σ²E/(e·r̄)), where e is the number of environments and r̄ the harmonic-mean replication.

Heritability classes follow Robinson et al. [47]: high (H² ≥ 0.60), moderate (0.30–0.60) and low (H² < 0.30).

The heritability patterns (Table 2) constitute the main phenotypic finding and divide the RUE indices into two groups. The indices based on biomass were
highly heritable, ranging from H² = 0.75 (WUE_DBM_1) to 0.81 (WUE_DBM), and showed high variability (GCV = 38–78%), the PCV/GCV ratios being between
1.11 and 1.15. It follows that the phenotype is mostly governed by genetic factors and the range of genotypes is wide enough to allow selection to produce a
substantial shift. The agronomic traits DF, PlHt and DM showed a similar pattern (H² = 0.80–0.86 in Combination 1 and 0.59–0.80 in Combination 2). The
grain-based indices were different. For Gyld, WUE_Gyld and PFPAN_Gyld, H² was 0.51, because their G × E variance exceeded the genotypic variance
(Table 2); within each Indian environment, however, their heritability was high (H² = 0.96–0.97; Additional file 1: Table S5).

What the RUE indices measure
The multivariate trait structure (Fig. 3) provides the framework for interpreting the association results. In Combination 1, PC1 and PC2 accounted for 49.4%
and 28.3% of the variance respectively (Fig. 3A). PC1 was associated with biomass accumulation since DBM_1, WUE_DBM_1 and PlHt_1 all had positive
loadings (0.73 to 0.97) and their vectors were very closely aligned. PC2 mainly showed phenological characteristics, with DM_1 having a positive loading
(0.87) and DF_1 (− 0.84) as well as PFPAN_DBM_1 (− 0.33) showing a negative loading to a lesser degree. In Combination 2, PC1 and PC2 explained 50.7%
and 23.8% of the variance (Fig. 3B). PC1 reflected overall productivity, with DBM, Gyld and the four RUE indices (0.78 to 0.81). PC2 separated out a group of
biomass related traits (DBM, WUE_DBM, PFPAN_DBM and PlHt; loadings 0.48 to 0.58) from a group of grain related traits (Gyld, WUE_Gyld and PFPAN_Gyld;
−0.52 to − 0.53). The fact that the vectors were closely aligned within each group shows that there are high correlations among the traits derived from the
same yield component. DM was almost in the opposite direction to the grain related traits, which shows that there is an inverse relationship between dry
matter content and grain allocation.

In the pooled analysis of the 15 trait × combination variables, PC1 and PC2 accounted for 44.9% and 24.4% of the variance (Fig. 3C). As before, the biomass
and grain related groups were separated, the biomass based traits had positive loadings on PC2 (0.19 to 0.53) and the grain based traits negative ones (–
0.47 to − 0.49). This partial separation shows that the production of vegetative biomass and the efficiency of reproductive resource use are not completely
linked, and therefore it is reasonable to treat them as separate targets in the association analysis. The traits measured under both combinations were found
in similar areas (DM and DM_1, DF and DF_1, PlHt and PlHt_1 and, to a lesser extent, DBM and DBM_1), which indicates that the trait patterns are consistent
across the different environments. The Sb×Sh introgression lines were in a limited area of the ordination, situated towards positive PC2, that is, towards
higher dry matter content and plant height and moved away from flowering time and the grain related traits (Figs. 1, 3C).

Model calibration and mappable traits
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To reduce the number of false positives, the statistical fit of each association model was assessed for every trait using λGC (Fig. 4), and only those trait ×
model combinations that were well calibrated were kept (Table 3). The biomass-based WUE traits were well calibrated regardless of the three algorithms
used (λGC = 0.92–1.08). For the biomass based PFPAN traits, only MLMM was acceptable (with λGC values of 1.148 and 1.132), since BLINK exhibited
residual inflation (with λGC values of 1.36–1.37) and FarmCPU showed over correction (with λGC values of 0.77–0.81).

Table 3
Genomic inflation factors (λGC) and trait-specific model selection across the three multi-locus

association algorithms (BLINK, FarmCPU and MLMM) for the six RUE trait × combination
variables.

Trait BLINK (λGC) FarmCPU (λGC) MLMM (λGC) Models retained

WUE_DBM_1 1.078 1.062 0.983 BLINK, FarmCPU, MLMM

PFPAN_DBM_1 1.369 0.810 1.148 MLMM

WUE_DBM 0.927 0.922 1.073 BLINK, FarmCPU, MLMM

PFPAN_DBM 1.357 0.772 1.132 MLMM

WUE_Gyld — — — No significant MTA

PFPAN_Gyld — — — No significant MTA

λ GC , genomic inflation factor [72]; MTA, marker–trait association. Models with λGC ≥ 1.35 (residual inflation) or λGC ≤ 0.90 (over-correction) were excluded from
downstream analysis.

Following the filtering process, four of the six RUE trait × combination variables WUE_DBM_1, WUE_DBM, PFPAN_DBM_1 and PFPAN_DBM showed
significant associations. None of the SNPs exceeded the Bonferroni threshold in any of the models for WUE_Gyld or PFPAN_Gyld. This is consistent with the
lower across environment heritability of the two grain-based indices (Table 2) and with a polygenic, environment dependent architecture whose individual
effects fall below the detection power of a panel of this size.

Twenty-two genomic regions, and one that recurs
The retention of significant SNP–trait associations after λGC-based model filtering resulted in 29 such associations at 27 different SNPs among the four
mappable RUE variables. These associations are found in 31 rows specific to each model in Table 4 and lie within 22 non-overlapping genomic regions when
the ± 13.78 kb merge rule is applied (Table 4 and Fig. 4). The associations were spread across seven of the ten chromosomes, chromosome 9 being the one
with the highest number of signals (7 SNPs), then chromosomes 2 and 5 with 5 SNPs each. The full list of significant SNPs prior to λGC filtering, together with
links to the Ensembl Plants browser, is provided in Additional file 1: Table S7.

With respect to WUE_DBM_1, ten SNPs were found in eight regions on chromosomes 2, 4, 6, 9 and 10. The most significant association was observed at
S10_8605850 (FarmCPU, p = 1.88 × 10− 14). The largest single SNP effects were noted at S04_372161 (PVE = 74.9%, BLINK), S09_57598861 (41.2%, MLMM)
and S02_20342977 (40.7%, MLMM), together with additional signals at S06_14836893 (23.2%), S09_8412463 (10.8%), S09_55177729 and S02_70155056.

For WUE_DBM, 17 SNPs in 14 regions were identified on chromosomes 1, 2, 4, 5, 6, 9 and 10. The notable characteristic was a cluster of three SNPs on
chromosome 9 between 54.99 and 56.55 Mb (S09_54994173, S09_55037491 and S09_56548597). This cluster contained the most significant association
for the trait, S09_55037491 (p = 1.13 × 10− 15, PVE = 54.5%, BLINK), and the one with the largest effect, S09_56548597 (PVE = 73.8%, MLMM). Moderate effect
signals were observed at S04_51635502 (24.3%, BLINK), S06_2580708 (15.9%), S01_56842887 (6.9%), S10_48413013 (6.2%), which is near an aquaporin
gene, and S02_2597978 (3.4%).

For the two PFPAN traits, MLMM identified one very strong signal at S09_55037491 (PFPAN_DBM: p = 1.13 × 10− 14, PVE = 73.8%; PFPAN_DBM_1: p = 1.33 ×
10− 13, PVE = 73.9%). The minor allele at this SNP is rare (MAF = 0.056 among the 162 genotypes analyzed, i.e. approximately nine lines; Additional file 1:
Table S7). The same SNP was also found independently by BLINK and FarmCPU in the case of WUE_DBM. Thus, three traits and three algorithms point to the
same variant, the most reproducible signal in the present study; detection in both environmental combinations, however, is not independent replication,
because Combination 1 includes both environments of Combination 2. This degree of convergence is to be expected due to the common biomass numerator
among these traits and therefore does not constitute independent evidence of pleiotropy; the single SNP PVE remains an upper limit in a panel of this size.
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Table 4
Marker trait associations (MTAs) for the RUE traits identified by multi-locus association mapping after filtering on

the genomic inflation factor.
Trait Model SNP Chr. Position (bp) P-value Allele effect PVE (%)

PFPAN_DBM MLMM S09_55037491 9 55,037,491 × 10 − 14 −23.717 73.80

PFPAN_DBM_1 MLMM S09_55037491 9 55,037,491 × 10 − 13 −22.559 73.94

WUE_DBM FarmCPU S01_3770917 1 3,770,917 × 10 − 9 −0.692 < 0.01

WUE_DBM FarmCPU S01_56842887 1 56,842,887 × 10 − 9 −0.709 6.90

WUE_DBM FarmCPU S02_2596347 2 2,596,347 × 10 − 11 −0.854 < 0.01

WUE_DBM FarmCPU S02_2597978 2 2,597,978 × 10 − 10 −0.258 3.41

WUE_DBM BLINK S04_51635502 4 51,635,502 × 10 − 11 −1.251 24.31

WUE_DBM FarmCPU S04_51635502 4 51,635,502 × 10 − 10 −0.876 2.16

WUE_DBM BLINK S05_2886668 5 2,886,668 × 10 − 10 −0.689 3.48

WUE_DBM FarmCPU S05_2933660 5 2,933,660 × 10 − 9 −0.633 4.93

WUE_DBM FarmCPU S05_6703509 5 6,703,509 × 10 − 12 −1.083 < 0.01

WUE_DBM FarmCPU S05_6708487 5 6,708,487 × 10 − 10 2.406 < 0.01

WUE_DBM FarmCPU S05_7734857 5 7,734,857 × 10 − 9 −0.517 < 0.01

WUE_DBM FarmCPU S06_2557367 6 2,557,367 × 10 − 8 −0.525 < 0.01

WUE_DBM FarmCPU S06_2580708 6 2,580,708 × 10 − 10 −0.042 15.92

WUE_DBM FarmCPU S06_39951727 6 39,951,727 × 10 − 8 −0.453 < 0.01

WUE_DBM FarmCPU S09_54994173 9 54,994,173 × 10 − 15 0.285 < 0.01

WUE_DBM BLINK S09_55037491 9 55,037,491 × 10 − 15 −2.408 54.47

WUE_DBM FarmCPU S09_55037491 9 55,037,491 × 10 − 12 −1.412 0.01

WUE_DBM MLMM S09_56548597 9 56,548,597 × 10 − 14 −2.871 73.81

WUE_DBM BLINK S10_48413013 10 48,413,013 × 10 − 8 0.815 6.22

WUE_DBM_1 MLMM S02_20342977 2 20,342,977 × 10 − 8 −12.707 40.66

WUE_DBM_1 FarmCPU S02_70155056 2 70,155,056 × 10 − 10 −6.909 < 0.01

WUE_DBM_1 FarmCPU S02_70156467 2 70,156,467 × 10 − 10 4.897 < 0.01

WUE_DBM_1 BLINK S04_372161 4 372,161 × 10 − 9 −21.999 74.86

WUE_DBM_1 FarmCPU S06_14836893 6 14,836,893 × 10 − 8 −5.197 23.19

WUE_DBM_1 FarmCPU S09_8412463 9 8,412,463 × 10 − 8 4.844 10.81

WUE_DBM_1 FarmCPU S09_55177729 9 55,177,729 × 10 − 8 −5.744 4.43

WUE_DBM_1 FarmCPU S09_55196670 9 55,196,670 × 10 − 10 1.059 < 0.01

WUE_DBM_1 MLMM S09_57598861 9 57,598,861 × 10 − 10 −16.159 41.24

WUE_DBM_1 FarmCPU S10_8605850 10 8,605,850 × 10 − 14 −5.633 1.98

The amount of phenotypic variance accounted for by the focal SNP (an upper bound estimate for a panel of this size) is given; only SNPs that remained after the
λ GC filtering process are included (Table 3). In the case of SNPs detected by more than one model, each model-specific entry retains the original allele-effect
estimates; high-confidence associations are those SNPs detected by two or more retained models (S04_51635502 and S09_55037491).

Candidate genes: a nitrate responsive regulator, an aquaporin and a putative C4 enzyme
The LD defined windows of the significant loci contain 52 protein coding genes (Additional file 1: Table S8), eight of which were selected as priority
candidates based on considerations of function, orthology, and tissue appropriate expression (Table 5).

The SNP on chromosome 9 at position S09_55037491 is located within the gene Sobic.009G200500, which codes for HOMEOBOX PROTEIN HAT3.1, a class
III HD-Zip transcription factor that has been annotated for its ability to bind DNA, chromatin and metal ions as well as for its role in the negative epigenetic
regulation of gene expression. According to the SorghumBase Gene Atlas, this gene is part of the shoot nitrate treatment specific co-expression subnetwork,
linking the most prominent genetic signal in the study to nitrate-responsive transcriptional control. In the neighboring genomic window at S09_54994173, 43
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kb away, the gene Sobic.009G200200 encodes α,α-trehalose phosphate synthase (TPS), the enzyme responsible for producing the carbon-nitrogen signaling
metabolite trehalose 6-phosphate.

The signal S10_48413013 on chromosome 10 is situated 9.3 kb away from Sobic.010G164100, a gene that codes for the aquaporin NIP1-4 (nodulin-26-like
intrinsic protein), a transmembrane channel which is noted in the Gene Atlas as being specific to the root. Since some aquaporins are also capable of
transporting ammonia or urea together with water [24, 25], this protein family lies at a potential point of convergence between water and nitrogen uptake.

The remaining WUE_DBM windows contain Sobic.002G028100 (alpha-amylase inhibitor 5/cationic peroxidase SPC4; hydrogen peroxide catabolism) and
Sobic.005G032400 (Set1/Ash2 histone methyltransferase complex subunit ASH2; histone H3K4 methylation), and the window including S05_2933660
contains Sobic.005G032700 (phospholipase A1, DAD1; supply of jasmonate precursors). The S02_20342977 location on chromosome 2 of the WUE_DBM_1
locus is 13.7 kb away from Sobic.002G135750, which is annotated as having L-malate dehydrogenase (NADP+) activity and being involved in the malate
metabolic process, a reaction central to the NADP-ME-type C4 cycle (provisional assignment; see Section 4.4). There are two additional WUE_DBM_1

candidates on chromosome 9: Sobic.009G202900, a histidine-containing phosphotransfer (AHP-like) protein belonging to the cytokinin phosphorelay, and
Sobic.009G238000, SUPPRESSOR OF PHYA-105 1 (SPA1), which is a regulator of red/far-red light phototransduction and photomorphogenesis.

Table 5
Priority candidate genes selected from linkage disequilibrium-defined annotation windows based on functional relevance to nitrogen metabolism, water trans

hormone signaling and carbon assimilation.
Trait Model SNP Candidate gene Position

(bp)
Strand Protein/annotation Biological process

(GO)
Gene Atl
expressi

WUE_DBM FarmCPU S02_2596347 Sobic.002G028100 2,590,650–
2,593,117

+ Bifunctional
inhibitor/plant lipid
transfer
protein/seed
storage helical
domain-containing
protein; cationic
peroxidase SPC4;
alpha-amylase
inhibitor 5

Hydrogen peroxide
catabolic process

—

WUE_DBM_1 MLMM S02_20342977 Sobic.002G135750 20,327,359–
20,329,281

− CCHC-type
domain-containing
protein; zinc finger,
CCHC-type
superfamily;
malate
dehydrogenase
[NADP] 1,
chloroplastic

Malate metabolic
process; positive
regulation of
cytoplasmic
translation

—

WUE_DBM BLINK S05_2886668 Sobic.005G032400 2,892,613–
2,896,122

+ Set1/Ash2 histone
methyltransferase
complex subunit
ASH2

Histone H3-K4
methylation

Down-
regulated
in seed a
grain
maturity
(imbibed
vs. dry)

WUE_DBM FarmCPU S09_54994173 Sobic.009G200200 55,004,317–
55,013,213

+ α,α-Trehalose-
phosphate
synthase (UDP-
forming)

Trehalose
biosynthetic process

—

PFPAN_DBM,
PFPAN_DBM_1
(WUE_DBM)

MLMM
(BLINK,
FarmCPU)

S09_55037491 Sobic.009G200500 55,030,822–
55,038,173

+ HOMEOBOX
PROTEIN HAT3.1

Negative regulation
of gene expression,
epigenetic

Compon
of the
shoot
nitrate-
treatmen
specific c
expressi
subnetw

WUE_DBM_1 FarmCPU S09_55177729 Sobic.009G202900 55,183,741–
55,190,886

− Histidine-
containing
phosphotransfer
protein

Phosphorelay signal
transduction system;
cytokinin-activated
signaling pathway

—

WUE_DBM_1 MLMM S09_57598861 Sobic.009G238000 57,602,900–
57,611,460

− Protein
SUPPRESSOR OF
PHYA-105 1
(SPA1)

Red, far-red light
phototransduction;
photomorphogenesis

—

WUE_DBM BLINK S10_48413013 Sobic.010G164100 48,401,814–
48,403,745

+ AQUAPORIN NIP1-
4

Transmembrane
transport

Root-
specific
expressi

The priority candidates were selected based on (i) the annotated function relating to RUE-related processes, (ii) appropriate tissue expression as shown in the
SorghumBase Gene Atlas and (iii) orthology with genes that have been functionally characterized in Arabidopsis, rice or maize. The gene identifiers correspond to
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the Sorghum bicolor BTx623 v3.1.1 annotation, and the molecular-function and cellular-component assignments, the full list of Gene Ontology accessions, and all
the genes located within the annotation windows are provided in Additional file 1: Table S8.

Expression profiles of the candidate genes
The log2 FPKM profiles across 33 tissues and developmental stages (Additional file 2: Figs. S3–S5), together with hierarchical clustering of the priority
candidates (Fig. 5), were used to evaluate these assignments. WUE_DBM_1 candidates were most abundant in roots, with higher log2 FPKM values, across
all developmental stages and tested conditions, including control, nitrate, urea and fertilizer treatments, compatible with a potential role in water uptake
(Additional file 2: Fig. S3); this root enrichment was not evident for the three WUE_DBM_1 priority candidates shown in Fig. 5 (Sobic.002G135750,
Sobic.009G202900 and Sobic.009G238000). The WUE_DBM candidates were more widely distributed, showing increased expression in the seeds at dry
maturity and in the shoots when subjected to nitrate or urea treatment (Additional file 2: Fig. S4). The genes within the chromosome 9 PFPAN region showed
a limited pattern of expression that was confined to the internodes (both mature and at floral initiation), the growing internodes and the seeds, a pattern
compatible with stem storage and remobilization (Additional file 2: Fig. S5), although HAT3.1 itself was expressed in all tissues (Fig. 5). The WUE_DBM
candidates on chromosome 1 (Sobic.001G291500 and Sobic.001G291600) were preferentially expressed in the leaves and shoots at the stage of floral
initiation and at grain maturity, and they also responded to nitrate and urea treatment.

Hierarchical clustering (Fig. 5) divided the priority set into two groups. One group comprised broadly and moderately expressed genes: TPS
(Sobic.009G200200), ASH2 (Sobic.005G032400), SPA1 (Sobic.009G238000) and HAT3.1 (Sobic.009G200500). The other group comprised genes with low
expression across the atlas: the AHP-like protein (Sobic.009G202900), the NIP1-4 aquaporin (Sobic.010G164100), Sobic.002G028100 and
Sobic.002G135750, of which only NIP1-4 showed tissue-preferential (root) expression. Both clusters contained WUE_DBM and WUE_DBM_1 candidates, so
the expression clusters did not correspond to trait classes.

Haplotype dissection distinguishes candidate haplotype tags from single SNP signals
Regional haplotype analysis was attempted at all 27 significant SNPs. After applying regional quality control and filtering out the rare haplotypes, 15 of these
yielded at least two common haplotypes, resulting in 17 locus × trait tests each with two to four common haplotypes (Additional file 1: Table S9); the other 12
did not yield two or more haplotypes meeting the frequency (≥ 5%) and carrier (≥ 5) thresholds and could not be tested. Two of the tests were found to be
significant following both BH and Bonferroni adjustments, one was nominally significant (unadjusted p < 0.05) and 14 were not significant. The number of
genotypes entering each test varied from 32 to 113 out of 166 (the median being 64) and tended, although not significantly, to decrease as the number of
window SNPs used to define the haplotypes (ranging from 25 to 109) increased (Spearman ρ = −0.41 across the 14 loci, p = 0.14).

The most prominent haplotype effect was observed at position S09_55177729 for WUE_DBM_1 (Fig. 6A). Twenty-eight regional SNPs identified two common
haplotypes, H1 (carried by 94 individuals in the entire panel; frequency 0.566) and H2 (carried by 12 individuals; frequency 0.072), together with 60 genotypes
possessing rare combinations. Altogether, 104 genotypes had both a common haplotype and a BLUE for the trait and were included in the model (H1, 93; H2,
11). The association was extremely strong (p = 1.55 × 10− 11; BH and Bonferroni-adjusted p = 2.63 × 10− 10). Carriers of H2 had 2.7 times higher WUE_DBM_1

than carriers of H1 (PC adjusted emmean ± SE = 51.44 ± 3.97 versus 18.93 ± 1.18 kg DBM ha− 1 mm− 1; Tukey groups b versus a), and, taking ± 1 SE of both
means, the fold change ranges from about 2.4 to 3.1. The window includes Sobic.009G202900, the AHP-like cytokinin signaling component (Table 6),
together with four other gene models (Additional file 1: Table S8).

Table 6
Haplotype characterization, effect sizes and Tukey HSD groupings at the two loci with significant haplotype–trait associations after Benjamini–Hochberg and

Bonferroni correction.
SNP Trait Candidate gene Hap.

ID
n (panel/
analyzed)

Frequency emmean ± 
SE

Tukey group/
direction

S09_55177729 WUE_DBM_1 Sobic.009G202900 (AHP-
like)

H1 94/93 0.566 ± 1.18 a, unfavorable

S09_55177729 WUE_DBM_1 Sobic.009G202900 (AHP-
like)

H2 12/11 0.072 ± 3.97 b, favorable

S09_55177729 WUE_DBM_1 Sobic.009G202900 (AHP-
like)

Rare 60/— 0.361 — Excluded (< 5%)

S05_2933660 WUE_DBM Sobic.005G032700 (DAD1) H1 42/41 0.253 ± 0.27 a, intermediate

S05_2933660 WUE_DBM Sobic.005G032700 (DAD1) H2 31/29 0.187 ± 0.40 a, unfavorable

S05_2933660 WUE_DBM Sobic.005G032700 (DAD1) H3 9/8 0.054 ± 0.47 b, favorable

S05_2933660 WUE_DBM Sobic.005G032700 (DAD1) Rare 84/— 0.506 — Excluded (< 5%)

The emmean is the principal component adjusted estimated marginal mean from the linear model Y = HapID + PC1 + PC2 + PC3. Haplotypes within a locus that
share a Tukey letter do not show a significant difference at the 0.05 level of α. The 'Direction' classification designates each haplotype as favorable (i.e. having the
highest emmean), unfavorable (i.e. having the lowest emmean) or intermediate. Rare haplotypes (those with a frequency of less than 5% or with fewer than five
carriers) were combined and then excluded from the association test.
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Another association that stayed significant after both BH and Bonferroni adjustments was observed at S05_2933660 (chromosome 5, 2.93 Mb) for
WUE_DBM (Fig. 6B). Forty-six regional SNPs defined three common haplotypes, namely H1 (42 carriers in the entire panel; 0.253), H2 (31; 0.187) and H3 (9;
0.054), and 78 genotypes were included in the model (41 for H1, 29 for H2 and 8 for H3). The effect of the haplotype was significant (p = 2.42 × 10− 3; BH-
adjusted p = 2.06 × 10− 2; Bonferroni-adjusted p = 4.11 × 10− 2). According to the Tukey HSD test, H3 (5.55 ± 0.47 kg DBM ha− 1 mm− 1, group b) was separated
from H1 (4.30 ± 0.27, group a) and H2 (2.98 ± 0.40, group a), showing a 1.86-fold difference between the favorable and the unfavorable haplotypes, within a
region that includes Sobic.005G032700 (DAD1). Sobic.005G032400 (ASH2) is located 37.5 kb away from S05_2933660 and is therefore outside the ± 13.78
kb interval and so is not a candidate at this locus; it is the candidate at the adjacent SNP S05_2886668.

The locus S09_55037491, which was identified by three different algorithms when considering three traits and had a single SNP PVE ranging from 54.5 to
73.9 per cent, showed no significant association with haplotypes for any of the traits (with raw p values of 0.52, 0.55 and 0.69; Additional file 2: Fig. S6). The
27.6 kb region included 53 SNPs that had passed the quality control and these resolved three common haplotypes (H1, n = 58; H2, 18; H3, 16), and the PC-
adjusted marginal means followed the anticipated order (H3 > H2 > H1 for the PFPAN traits) although this did not reach statistical significance. Thus, the
single SNP effect estimate and the haplotype block test are in disagreement. A forest plot of the haplotype effect sizes across the tests and a median joining
haplotype network for this region are given in Additional file 2: Figs. S7, S8, respectively.

Across all 17 tests, only one of the 18 genotyped introgression lines carried a common haplotype at S09_55177729, corresponding to the unfavorable H1
haplotype. In contrast, the favorable haplotypes S09_55177729 H2 and S05_2933660 H3 were found exclusively in cultivated lines. The introgression lines
mainly carried rare haplotype combinations that were grouped into a residual category and excluded from the association tests (Additional file 1: Table S9).

Discussion

Biomass drives agronomic RUE, which is what these indices measure
The stronger genetic signal for biomass based indices provides a more tractable basis for genomic dissection and selection than the corresponding grain
based indices. Biomass-based RUE is highly heritable (H² = 0.75–0.81), having a GCV of 38–78% and PCV/GCV ratios close to one, a combination which
Robinson et al. [47] and Burton [48] found to be indicative of a large genetic advance when selecting directly; these figures are similar to those recorded for
biomass and yield characteristics in sorghum [87] and wheat [88]. The grain-based indices showed an H² of 0.51, in agreement with the findings in sorghum
[13] and wheat [34], and with the well known difficulty of detecting large effect loci for grain yield [89]. The angle between the biomass and grain based trait
vectors in the ordination (Fig. 3) indicates that the conversion of resources between the vegetative and reproductive phases is only partly decoupled, with
harvest index (not measured here) as the likely link [90]. Hence, the two bases are not interchangeable targets. The lack of significant associations between
WUE_Gyld and PFPAN_Gyld is in line with the lower heritability and greater G × E variance of these indices in this kind of panel.

The fact that WUE and PFPAN are collinear is a general feature of agronomic efficiency indices and the relationship between such indices and their yield
numerator is well known in the field of cereal agronomy [11, 91]. It does, nevertheless, place limitations on how the results can be interpreted. When
S09_55037491 is recovered for WUE_DBM, PFPAN_DBM and PFPAN_DBM_1, one locus is found three times for a single underlying quantity. These data
provide no evidence that it simultaneously governs water-use and nitrogen-use physiology, and it would therefore be an artefact of the index construction to
describe it as a major locus across different efficiencies. It is better interpreted as a candidate locus for biomass-based resource capture. This is a legitimate
and worthwhile breeding objective: when water and nitrogen are in short supply, the plant which achieves greater biomass per unit of input is the more
productive one, regardless of the mechanism involved.

Wild-relative introgression and the allelic space for RUE
The initial question was about the contribution of introgressions from S. halepense. The panel structure sets this precondition. The phylogeny, PCA, ancestry
and kinship all show that the Sb×Sh RILs belong to a gene pool that is separate from that of cultivated sorghum (Figs. 1, 2C), something which is in
agreement with the higher levels of SNP and structural diversity and the enrichment of private genes relevant to RUE that have previously been reported for
this material [20]. S. halepense is a rhizomatous perennial possessing deep roots and strong regrowth [17, 18].

The association results, however, do not show a broad functional contribution of the introgressed material. None of the prioritized candidates can yet be
attributed to S. halepense-derived alleles, and the favorable haplotype at S09_55177729 (H2; 2.7-fold difference in WUE_DBM_1 at a frequency of 7%) was
carried only by cultivated lines (Table 6; Additional file 1: Table S9). This low-frequency, large-effect variant therefore represents standing variation within
cultivated sorghum that panel-wide phenotypic selection is unlikely to capture, rather than a wild-relative introgression of the kind that has broadened the
genetic base of rice [21, 92], maize [23] and wheat [22].

In each model, population structure (the first three principal components) was included as a covariate. Although this helps to control for confounding it also
means that any signal which is perfectly confounded with the Sb/Sb×Sh split is eliminated, so the analysis is conservative when it comes to effects specific
to introgression. The design also makes it impossible to separate out the contribution of an introgressed segment from that of the S. bicolor background in
which it is situated. The allele-frequency comparison (Fig. 7) refines this picture. At a number of the associated SNPs the minor allele was missing from the
introgression lines and thus some of the signal is based on cultivated variation, while at only a small number of SNPs the minor allele was found in higher
amounts in the introgressed material. Among these are S04_372161, which has the highest single SNP PVE in the study and whose minor allele is essentially
unique to the introgression lines, and S09_55177729, which marks the strongest haplotype effect. Therefore, wild-relative germplasm appears to contribute
differentiated alleles at only a small number of associated loci rather than a general expansion of the allelic space for these traits. There are two cautions to
note. The SNPs that are enriched in the introgression material are also among the most differentiated markers in the set of associated markers, so an
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association at such a marker could be due either to a causal introgressed allele or to residual confounding with sub-population membership. Furthermore,
the assertion that a specific S. halepense allele is responsible for a specific gain still requires a near isogenic comparison.

The LD decay distance of 13.78 kb (Fig. 2B) agrees with that found in global sorghum diversity panels [31, 32, 93] and is similar to the value observed in
maize [94, 95], but it is one to two orders of magnitude shorter than in wheat [96] or barley [97]. Since each significant SNP identifies a small interval that
includes only a few genes, the mapping resolution is improved and this is the main reason why a panel of this size was able to yield biologically interpretable
candidates.

A candidate nitrate responsive transcriptional node on chromosome 9
The signal that was most reproducible in the study, S09_55037491, is located in Sobic.009G200500, a gene that encodes HAT3.1, a member of the class III
HD-Zip transcription factors. HD-Zip III proteins act as master regulators of meristem maintenance, the organization of shoots, vascular patterning and organ
polarity [98, 99] and they combine hormonal and environmental inputs into decisions regarding growth [100, 101]. According to the SorghumBase Gene Atlas,
Sobic.009G200500 is included in the shoot nitrate treatment specific co-expression subnetwork [38]. A transcription factor which coordinates shoot growth
and is part of a nitrate responsive module could plausibly function as a regulator of biomass accumulation per unit of nitrogen supplied, since this is
precisely the quantity that the relevant indices measure.

The signal need not reflect a single gene. At about 18 kb from HAT3.1, within the region covered by the adjacent WUE_DBM SNP S09_54994173, the gene
Sobic.009G200200 codes for trehalose-6-phosphate synthase. Trehalose 6-phosphate is a signaling metabolite which indicates the status of sucrose and
allows growth to proceed accordingly [27], and altering its levels has been shown to increase grain yield in maize and wheat [102, 103]. A putative
transcriptional regulator of nitrate-responsive shoot growth located about 18 kb from an enzyme that produces a carbon-status signal forms a plausible gene
cluster that links carbon and nitrogen signaling to biomass allocation, an arrangement that has been reported for several cereal yield-stability QTLs [89, 104].
To find out whether one or both two genes is responsible and to determine their individual contributions, finer mapping and functional tests are required; the
co-location remains a hypothesis and not a conclusion.

Where water and nitrogen converge: shared molecular machinery

The second question, whether genomic regions affect both water use and N use, cannot be answered from the coincidence of WUE and PFPAN signals. It
can, however, be addressed at the level of gene function.

The best example is Sobic.010G164100 (NIP1-4). Aquaporins mediate the movement of water across membranes and influence both root hydraulic
conductance and stomatal behavior [105, 106]; some aquaporins also transport ammonia and urea [24, 25], and the NIP proteins are capable of transporting
a variety of small solutes [26]. According to the Gene Atlas, Sobic.010G164100 is expressed in the root (Fig. 5; Additional file 2: Fig. S4), so it is located at the
main site of water and nutrient uptake and thus could be involved in coordinating the acquisition of both of these resources. It has not yet been determined
whether NIP1-4 itself transports nitrogen compounds; if it does, then this would be an example of water–N convergence in the sense meant here, that is, not
two efficiencies relating to one interval, but a single gene product transporting two substrates.

There is also a metabolic convergence point. Trehalose 6-phosphate (through Sobic.009G200200) acts as the standard indicator of carbon status, and since
carbon status determines whether assimilated nitrogen can be employed for growth, the signaling involving trehalose 6-phosphate is situated at the interface
between carbon and nitrogen [28]. A third convergence point is hormonal. The gene Sobic.009G202900 codes for an AHP-like phosphotransfer protein which
is part of the cytokinin multistep phosphorelay and is involved in the regulation of root architecture, leaf senescence and nitrate-dependent shoot growth [29,
107], cytokinin signaling thus linking nitrogen availability to growth [30]. This gene also lies in the window that showed the strongest haplotype effect in the
study, which contains four other gene models (Additional file 1: Table S8); on the combined evidence it is the best-supported candidate, although the
haplotype effect cannot be attributed to it specifically.

Two further candidate mechanisms relate to water use. Sobic.002G135750 is noted to have L-malate dehydrogenase (NADP+) activity, referring to the
reaction in which the mesophyll chloroplasts of NADP-ME-type C4 plants, such as sorghum, reduce oxaloacetate to malate and transfer the reducing
equivalents to the bundle sheath [108, 109]. Genotypic variation in this process could affect the amount of carbon assimilated per unit of water lost, since
this ratio is what defines intrinsic WUE. If confirmed, the association with WUE_DBM_1 (S02_20342977; PVE = 40.7%) would connect a core C4 enzyme to
biomass-based WUE in sorghum. However, the lead SNP is rare (MAF = 0.046; Additional file 1: Table S7), and agronomic WUE as measured here does not
isolate intrinsic WUE. This gene model also includes a CCHC-type zinc-finger annotation and is assigned to the cytoplasm as a cellular component, so its
functional assignment must be regarded as provisional. Moreover, Sobic.002G028100, annotated both as a lipid-transfer/α-amylase-inhibitor-domain protein
and as cationic peroxidase SPC4, may belong to the reactive oxygen species (ROS)-processing system involved in the regulation of stomatal aperture [110,
111], and Sobic.005G032700 (DAD1 phospholipase A1) provides linolenic acid for jasmonate biosynthesis [112]. Both of these place oxidative and lipid
signaling among the WUE candidates.

Expression data provide only partial support for these assignments. The priority genes separated into a broadly expressed cluster and a low-expression
cluster (Fig. 5), a pattern common in plant gene networks [113], but the clusters did not correspond to trait categories, and root-preferential expression was
clear only for NIP1-4. Tissue–function agreement is a widely used criterion for prioritizing GWAS candidates in cereals [37, 39], but here it supports
prioritization rather than causality.

Haplotypes distinguish candidate tags from single-SNP signals
Haplotype dissection was carried out to determine whether single SNP signals remain at the LD block level and to produce tags for MAS [34–36]. It achieved
both objectives, although the two results pointed in opposite directions.
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The haplotype test at S09_55177729 reinforced the locus since a moderate single SNP association (PVE = 4.4%, FarmCPU) was replaced by a haplotype
association with a BH adjusted p value of 2.63 × 10− 10 and a 2.7-fold difference, in a window that includes the AHP-like cytokinin component. The favorable
H2 haplotype is rare (7%; 12 carriers, 11 analyzed), which reduces the precision of the effect estimate and makes it prone to upward bias; its low frequency is
consistent with, but does not demonstrate, an absence of selection on this combination. At S05_2933660, the 1.86-fold difference lies in a window
containing DAD1 and three other gene models (Additional file 1: Table S8), which makes lipid signaling a candidate additional layer of WUE. Both are
candidate targets that need to be confirmed in independent populations; haplotype-derived candidate genes similar to these have been reported in wheat [34]
and rice [114].

The result from the haplotype test at S09_55037491 was the opposite one and this is the more informative result. Even though the single SNP PVE was
between 54.5 and 73.9%, no association was found for any of the three traits when using a haplotype. There are three possible explanations, which are not
mutually exclusive. The first is that the PVE is overstated in a panel consisting of 172 genotypes because of the Beavis effect [74, 75] and so the real effect is
likely to be considerably smaller than the estimated value. The second is that the focal SNP may already include the causal variation, in which case
combining the dense group of surrounding markers into a categorical haplotype factor tends to reduce rather than enhance the signal. The third is that, since
there were only 16 to 18 carriers of minor haplotypes, the haplotype ANOVA had less power than the single SNP mixed model test. A fourth is that the single-
SNP signal rests on a rare allele (MAF = 0.056; approximately nine lines) in strongly right-skewed traits, so a few extreme genotypes may drive it; its
robustness to phenotype transformation should be tested.

The breeding effects therefore vary depending on the locus; at S09_55037491 the SNP itself would be the more suitable diagnostic marker, while at
S09_55177729 and S05_2933660 it is the haplotypes that do so; in each of the three cases deployment must be based on independent validation. More
broadly speaking, haplotype analysis has functioned in this study as a confirmatory and prioritization tool showing how a signal should be deployed, rather
than as an independent means of discovery [115].

Pathways and priorities for breeding resource-efficient sorghum
The third question was about which biological pathways should be pursued further. The evidence presented here identifies four such pathways, ranked in
order of the strength of the support. The cytokinin phosphorelay (Sobic.009G202900, AHP-like) has the most comprehensive body of evidence: it is
supported by a GWAS association, lies in the window with the largest haplotype effect (2.7-fold) and is expressed, albeit at low levels, in roots and other
tissues across developmental stages and N treatments (Fig. 5). Aquaporin mediated transport (Sobic.010G164100, NIP1-4) offers the most plausible
mechanistic route to water–N convergence because it is root preferential and belongs to a channel family which includes transporters of nitrogen
compounds. Nitrate responsive transcriptional control (Sobic.009G200500, HAT3.1, with Sobic.009G200200/TPS nearby) has the most consistently
reproduced association and the clearest connection with N dependent shoot growth, although it has the weakest haplotype support; it is a hypothesis
concerning a regulatory node rather than being based on a validated allele. C4 core assimilation (Sobic.002G135750) would provide a direct mechanistic link
to carbon gain per unit of water, but it rests on a single association at a low-frequency SNP (MAF = 0.046) and on annotation that requires curation.

In terms of translation, this creates a hierarchy of possible target genes, each one depending on validation. S09_55037491 is a potential single-SNP MAS
target for the capture of biomass-based resources and could be incorporated into elite genetic backgrounds once its effect and its single SNP character have
been confirmed. The mid effect loci (PVE = 15–41%) on chromosomes 2, 4, 6 and 9, many of which have candidates that can be interpreted from a
mechanistic point of view, are suitable for use in marker-assisted recurrent selection [116]. The two significant haplotypes could be turned into KASP or
AmpSeq diagnostic markers for use in marker-assisted backcrossing [117] following independent confirmation. For the grain-based indices WUE_Gyld and
PFPAN_Gyld, for which no significant associations were found, genomic selection is the appropriate method, since these indices appear to have a polygenic
architecture and genomic prediction has already been applied to other traits in this panel [40, 118, 119].

One agronomic implication deserves emphasis, with its caveat. Because the biomass-based indices are collinear with biomass, selection at a major biomass
locus would improve resource capture rather than resource use physiology. Where water and N are limited, that is the outcome that matters, and it avoids the
tradeoffs that can arise when efficiency components are selected in isolation [120]. This is particularly relevant to the dual purpose sorghum grown across
semi-arid Africa and Asia. Stacking the favorable allele at S09_55037491 with the S09_55177729 and S05_2933660 haplotypes is an promising strategy to
evaluate, but its magnitude, additivity and timeline must be established empirically rather than assumed, as pyramiding experience in rice shows [121].

Limitations and perspectives
Some limitations should be considered. The panel size limits statistical power for the polygenic grain based indices and biases the estimated effects of
detected loci upwards (the Beavis effect), so the reported single SNP PVE values are upper bounds instead of direct variance estimates. The WUE indices
measure productivity per unit of water supplied, that is, agronomic water productivity, not transpiration efficiency or leaf level intrinsic WUE, and PFPAN does
not separate N uptake from N utilization. Independent multi-environment trials, ideally with a factorial N × water design, together with larger panels, are
needed to confirm the candidate loci and haplotypes reported here. Candidate gene prioritization relied on annotation, orthology and tissue expression, so
functional validation of the top priorities, the AHP-like phosphotransfer protein (Sobic.009G202900), HAT3.1 (Sobic.009G200500) and the NIP1-4 aquaporin
(Sobic.010G164100), together with curation of the putative NADP-MDH gene model (Sobic.002G135750), through CRISPR–Cas9 knockout [122–124] or
allele specific introgression is the critical next step to demonstrate causality. Because field RUE reflects canopy level processes that genotype means do not
completely capture, combining these loci with high throughput phenotyping of canopy spectral and thermal properties and of root systems [125] would
enable multi-omics RUE prediction models. Finally, although the Sb×Sh sub-population increases the allelic spectrum, controlled experiments are needed to
separate the contribution of S. halepense introgressions from the S. bicolor background and to quantify any agronomic penalty of carrying the favorable
alleles in elite backgrounds.
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Conclusions
This study integrates multi-environment phenotyping, whole genome association mapping, regional haplotype analysis and public tissue expression evidence
to dissect the genetic basis of biomass productivity under contrasting water and nitrogen inputs in sorghum. Biomass-based productivity indices displayed
stronger genetic control than grain-based indices, supporting their use as selection targets while recognizing that they largely reflect yield scaled by
treatment level inputs rather than intrinsic physiological efficiencies. A recurrent chromosome 9 signal and two significant regional haplotypes provide
priority targets for independent validation. Candidate gene analyses additionally identified plausible regulatory and functional pathways involving cytokinin
signaling, nitrate responsive growth control, aquaporin-mediated transport, trehalose-6-phosphate metabolism and, provisionally, C4 carbon assimilation.
However, expression profiles support candidate prioritization rather than establish causality, and because water and nitrogen inputs were not varied
factorially, their individual effects cannot be separated. Most detected variation was associated with cultivated germplasm, with a smaller subset of
differentiated alleles enriched in the introgressed material. Overall, the findings provide testable genomic hypotheses and candidate markers for improving
sorghum biomass productivity under low-input conditions. Validation in larger populations and factorial water-by-nitrogen experiments will be essential
before marker deployment or causal inference.
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Figure 1

Population structure of the sorghum diversity panel. (A) Three and two dimensional principal component analysis separating S. bicolor(Sb) from S. bicolor ×
S. halepense (Sb×Sh) lines on genome-wide SNPs. (B) Neighbor-joining tree of the panel, with the Sb×Sh RILs highlighted in dark blue. (C) Ancestry
coefficients at K = 5, the cross-entropy optimum; all 18 genotyped introgression lines fall in a single cluster.
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Figure 2

Genomic characteristics and relatedness of the sorghum panel. (A) Genome wide SNP density in 1-Mb windows (MAF ≥ 0.05; n = 1,752,624 SNPs). (B) Decay
of linkage disequilibrium (r²) with physical distance; the half-decay distance is 13.78 kb. (C) Pairwise kinship matrix with hierarchical clustering.

Figure 3
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Principal component analysis (PCA) biplots of agronomic and resource-use efficiency traits. (A) Combination 1 (IT21 + IND22 + IND23; six traits). (B)
Combination 2 (IND22 + IND23; nine traits). (C) Pooled analysis of the 15 trait × combination variables. Points are genotypes (n = 172) colored by sub-
population (green circles, cultivated S. bicolor; orange triangles, Sb×Sh introgression lines), with a 95% normal-probability ellipse for each sub-population;
arrows are trait loading vectors on the first two components. Axis labels give the percentage of total variance explained by each component. Missing BLUEs
were imputed by regularized iterative PCA before analysis.

Figure 4

Quantile–quantile and circular Manhattan plots from the genome-wide association analysis of the four resource-use efficiency traits with significant
associations (WUE_DBM_1, PFPAN_DBM_1, WUE_DBM and PFPAN_DBM). (A) WUE_DBM_1 (BLINK, FarmCPU and MLMM); (B) PFPAN_DBM and
PFPAN_DBM_1 (MLMM only, the single well-calibrated model for these traits; Table 3); (C) WUE_DBM (BLINK, FarmCPU and MLMM). Genomic inflation
factors (λ) are shown in each Q–Q plot, Bonferroni thresholds (p = 2.85 × 10−8) are drawn as dotted (Q–Q) or dashed (Manhattan) lines, and diamonds mark
significant SNPs.
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Figure 5

Hierarchically clustered expression heatmap of the eight prioritized candidate genes across 33 sorghum tissues and developmental stages. Color scale: log2

FPKM.
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Figure 6

Haplotype–trait associations at the two loci that remained significant after both Benjamini–Hochberg and Bonferroni correction across the 17 locus × trait
tests. (A) S09_55177729 (chromosome 9, 55.18 Mb) for WUE_DBM_1, showing a strong contrast between the favorable haplotype H2 and the unfavorable
H1. (B) S05_2933660 (chromosome 5, 2.93 Mb) for WUE_DBM, showing the favorable haplotype H3 separated from H1 and H2. Each panel reports the Tukey
HSD compact letter display, the haplotype-level p-value, the number of regional QC-passing SNPs in the ± 13,778 bp window and the number of genotypes
analyzed per haplotype (n). Boxes show the median and interquartile range; violins show the full density distribution. L28 and L15 are locus identifiers used in
Additional file 1: Table S9; WUE units, kg DBM ha−1 mm−1.
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Figure 7

Sub-population distribution of the alleles associated with WUE and PFPAN. Minor-allele frequency in the 148 cultivated entries is plotted against that in the
18 introgression lines, colored by per-SNP FST; the dashed line indicates parity. SNPs on the horizontal axis carry an allele absent from the introgressed sub-
population, and SNPs above the diagonal carry an allele enriched there.
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