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H I G H L I G H T S  

• δ13C enabled iWUE assessment across a Bavarian MAGIC wheat population. 
• Six QTLs for δ13C were identified on chromosomes 1D, 2B, 4B, 4D, 6A and 6B. 
• Contrasting wheat lines revealed distinct drought-responsive phenotypes. 
• Transcriptomics uncovered ABA, stomatal and energy metabolism pathways. 
• Eighteen candidate genes provide targets for improving wheat iWUE. 
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A B S T R A C T

Improving drought adaptation in wheat requires robust physiological traits that can be genetically dissected and 
translated into breeding tools. Carbon isotope composition (δ13C) is a stable proxy for intrinsic water-use effi
ciency (iWUE) and enables the identification of genetic factors underlying drought-stress responses. In this study, 
δ13C was measured in the Bavarian MAGIC Wheat (BMW) population, and quantitative trait locus (QTL) mapping 
at the drought-prone Morgenrot field site identified six significant loci on chromosomes 1D, 2B, 4B, 4D, 6A, and 
6B. Based on phenotypic extremes at this site, eight genetically diverse lines with contrasting δ13C/iWUE values 
(four high δ13C and four low δ13C) were selected for detailed characterization. These extreme lines were eval
uated under controlled greenhouse conditions using high-throughput phenotyping under both well-watered and 
drought-stress treatments.

Transcriptomic analyses revealed pronounced drought-induced expression changes, with enrichment of genes 
involved in abscisic acid signaling, stress perception, stomatal regulation, and energy metabolism. To identify 
robust molecular targets, QTL mapping results were integrated with differential gene expression (DGE) and 
weighted gene co-expression network analysis in a multi-layer framework. This approach prioritized 18 high- 
confidence candidate genes located mainly on chromosomes 1D, 4B, 4D, 6A, and 6B. These genes are 
embedded in regulatory networks dominated by transcription factors such as WRKY and NAC. Collectively, this 
study provides genetically anchored candidate genes for iWUE and drought adaptation, offering valuable re
sources for marker-assisted selection in wheat breeding.
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1. Introduction

Drought stress poses a major threat to global wheat production, 
affecting approximately 42% of cultivation areas and increasingly 
challenging food security under ongoing climate change [1]. To cope 
with water limitation, wheat plants rely on coordinated physiological 
responses, including stomatal regulation, osmotic adjustment, and 
altered canopy architecture, which collectively influence water loss and 
carbon assimilation [2,3]. Central to these responses is intrinsic 
water-use efficiency (iWUE), largely determined by stomatal conduc
tance and its regulation under stress [4]. Genetic regulators such as a 
leucine-rich repeat receptor-like kinase (ERECTA) and GT-2 LIKE 1, a 
trihelix transcription factor (GTL1), modulate stomatal density and 
transpiration efficiency, thereby directly influencing iWUE and drought 
adaptation [5,6].

At the physiological level, carbon isotope discrimination (Δ13C) 
provides a direct measure of long-term photosynthetic gas exchange and 
reflects the ratio of intercellular to atmospheric CO2 (ci/ca), which is 
closely linked to stomatal behavior and iWUE. However, direct mea
surement of Δ13C is impractical in large breeding populations. There
fore, carbon isotope composition (δ13C), which is inversely related to 
Δ13C, is widely used as a measurable proxy [7–10]. Because δ13C in
tegrates stomatal conductance and carbon assimilation over time, it 
shows a strong positive association with iWUE and has been reported to 
exhibit moderate to high heritability in wheat, making it a robust and 
genetically tractable trait for improving drought tolerance [8,11,12].

Consequently, δ13C represents a stable and genetically tractable trait 
for improving drought resilience in wheat breeding programs. In this 
context, genes involved in abscisic acid (ABA) biosynthesis and signaling 

further contribute to drought adaptation by regulating stomatal 
behavior and water conservation, reinforcing the central role of stomatal 
control in maintaining productivity under water-limited conditions 
[13].

Multi-parent Advanced Generation Inter-Cross (MAGIC) populations 
[14] have further enhanced Quantitative trait locus (QTL) resolution 
and allelic diversity, enabling the discovery of novel loci associated with 
δ13C and consequently with iWUE [15]. Building on this progress, the 
present study aims to (I) identify key genes and molecular markers 
associated with iWUE through δ13C in wheat; (II) identify 
drought-adapted wheat lines for breeding applications; and (III) explore 
genetic diversity related to drought resistance. We integrated pheno
typing and transcriptomics data through QTL mapping, differential gene 
expression (DGE), and co-expression network analysis to identify 
candidate genes underlying iWUE under drought stress, supporting the 
development of climate-resilient wheat cultivars (Fig. 1).

2. Materials and methods

2.1. Plant material and population description

The MAGIC wheat population BMWpop used in this study was 
developed by the Bavarian State Research Center for Agriculture (LfL) 
[14]. The population was created from eight founder lines (Supple
mentary Fig. 1). Founders were selected to maximize diversity based on: 
(i) variation in disease resistance, quality, and agronomic traits; (ii) 
origin from diverse breeding programs; and (iii) importance within their 
quality class (Supplementary Table 5). All founders originated from 
German breeding programs except ‘Ambition’ (Nordic Seed, Denmark). 

Fig. 1. Schematic overview of the experimental design and analytical workflow. δ13C was quantified in the BMW population from the field trial to map δ13C- 
associated QTLs. Ten extreme lines (five high-iWUE/low δ13C and five low-iWUE/high δ13C), selected from the Morgenrot trial station in 2019, were used for a 
controlled greenhouse drought experiment with high-throughput phenotyping and F-2 RNA-seq. Differential expression, Weighted Gene Co-expression Network 
Analysis (WGCNA), and QTLs were integrated to prioritize high-confidence candidate genes for iWUE and drought response.
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The crossing scheme followed standard MAGIC procedures. Briefly, four 
two-way crosses were produced using one ear per plant to generate F1 
seed. From each two-way cross, one F1 was advanced; two ears per plant 
were then intercrossed to generate four-way crosses. Of the 32 four-way 
crosses obtained, 16 independent plants were selected and intercrossed 
to produce eight F1 populations encompassing four reciprocal combi
nations. Subsequently, four eight-way crosses were hybridized with 
their four reciprocal eight-way counterparts to establish 16 eight-way 
intercross combinations.

F1 seed of the BMWpop was advanced to F6 by single-seed descent, 
followed by two generations of bulk propagation in the field. The final 
population comprised 394 RILs (recombinant inbred lines) [14] (Sup
plementary Fig. 1). These lines are the basis of the QTL analysis.

2.2. Field trials and environmental conditions

A field trial was conducted at the Morgenrot site in 2019, located in 
the German federal states of Saxony-Anhalt and Lower Saxony. This site 
experienced water limitation and was chosen to represent drought- 
prone condition in this region. Grain samples of the RILs were 
retrieved from the Morgenrot field trial conducted by the breeding 
companies Saatzucht Josef Breun GmbH & Co. KG, Syngenta Seeds 
GmbH, and Strube D&S GmbH, respectively. Plot sizes were 13.5 m2, 
9 m2 and 6 m2. The field trial was laid out as an alpha lattice, consisting 
of two complete blocks and 86 incomplete blocks. BMWpop lines were 
grown in two replications, whereas the parental line Julius and the 
standard RGT Reform were grown in 14 and 18 replications. All other 
parents were replicated four times. The amount of nitrogen fertilizer is 
legally restricted to a total of 250 kg N ha− 1 of fertilizer and mineralized 
soil N in the spring, together at a yield level of 100 dt/ha.

At maturity, grain was harvested and used for δ13C analysis. This 
population-wide screen of a multi-parent RIL panel provided a geneti
cally diverse platform to test responses relevant to iWUE under drought.

2.3. DNA extraction and genotyping

For each of the 394 RILs and the eight founders, ten primary leaves 
were harvested, pooled, and freeze-dried. Genomic DNA was extracted 
following Plaschke et al. [16]. All lines (parents duplicated) were gen
otyped by TraitGenetics (Gatersleben, Germany) using the 15K + 5K 
Infinium iSelect array comprising 17,267 SNPs, which integrates 
markers from the 90K iSelect array [17] and the 820K Axiom array [18].

2.4. Marker filtering and QTL mapping procedures

Genotypic data were filtered in R using synbreed v0.12-6 [19]. 
Markers were removed if missing data ≥ 10% or minor allele frequency 
(MAF) ≤ 1%. After QC, 10,842 SNPs remained from the initial 20k. To 
construct a non-redundant set for mapping, one SNP per locus on the 
linkage map was retained, yielding 2804 SNPs for composite interval 
mapping [14].

After the DNA extraction, genotyping, and marker filtration steps, 
QTL detection was conducted using composite interval mapping as 
implemented in the R package mpMap [20]. Probabilities of identity by 
descent with each of the eight founders were estimated at 1-centimorgan 
intervals and at all marker loci. Genome-wide significance thresholds for 
QTL detection were established using 10,000 permutations of pheno
typic data. The number of cofactors included in the model was set equal 
to the number of QTL identified in an initial scan using simple interval 
mapping. QTL support intervals were defined as the genomic regions in 
which the -log10(p) value was within one unit of its maximum. The 
linkage map used for QTL mapping was described in detail by Stadlmeier 
et al. [14]. Founder allele effects were estimated using a single-QTL 
regression model in which discrete founder alleles were included as 
independent variables. When none of the eight founder allele proba
bilities at a given locus exceeded 0.5, the allelic descent was classified as 

unknown. The effect of each founder allele was calculated as the mean 
phenotype of all lines identical by descent for that allele, centered 
relative to the overall mean.

2.5. Design and implementation of the greenhouse experiment (plant 
material, growth condition, stress induction, and sampling)

Eight selected wheat lines, derived from BMWpop RILs from the 
MAGIC population [14] (Supplementary Fig. 1), were cultivated in the 
greenhouse of the Environmental Simulation research unit (EUS) at 
Helmholtz Munich, in a facility for high-throughput shoot phenotyping 
(FitnessSCREEN). These varieties were grown under controlled condi
tions and subjected to a defined drought stress for the purpose of the 
study. The selected winter wheat varieties were first germinated in 
200 mL pots. After germination, the young plants underwent a vernali
zation process, where they were placed in a phytotron chamber 
(ExpoSCREEN) at the Helmholtz Zentrum München, German Research 
Center for Environmental Health (HMGU) and exposed to cold tem
peratures (+4 ◦C) for a period of 8 weeks. This step was crucial for the 
development of winter wheat varieties. Plants were grown in 5.5-L pots 
filled with a standardized peat-based horticultural substrate consisting 
of raised bog peat (Hochmoortorf; degree of decomposition H2–H5) and 
raw clay, amended with carbonated lime and mineral fertilizer. The 
substrate had a pH of 5.8 (CaCl2) and a salinity of 2.0 g L− 1 (KCl), with 
an organic matter content of approximately 70%. Basal fertilization was 
provided via an NPK fertilizer (15–7–22 + 6 MgO), supplying nitrogen 
as nitrate (10%) and ammonium (5%), phosphorus as water-soluble 
P2O5 (7%), potassium as K2O (22%), and magnesium (6% MgO), sup
plemented with sulfur and micronutrients (B, Cu, Fe, Mn, Mo, Zn). The 
substrate was mixed with quartz sand (grain size 0.6–1.2 mm) in a 1:1.2 
(w/w) ratio prior to pot filling.

The part for the shoot phenotyping system had a total of 195 storage 
spaces for pots (39 carriers, each with 5 pots of 5.5 L and 1 plant per pot, 
which were automatically moved between the measuring cabin, the 
irrigation station, and the storage sections via transport and storage 
routes (Supplementary Fig. 6). A scale in the measuring cabin enabled 
the determination of pot weight, which served as a control variable for 
the irrigation system. For each line, 19–20 pots (replications) were 
grown up to BBCH stage 31 under well-watered conditions. All the 
plants were randomly distributed among the carriers and pots 
(Completely Randomized Design (CRD)). Leaf samples of all lines were 
taken from the leaves (F-2) at the anthesis stage (BBCH 65-69, 
depending on the genotypes, when 50% of the anthers were out). 
They were used for transcriptome analysis using NGS (see next chapter) 
and were stored at − 80 ◦C.

2.6. Drought stress treatment

At the beginning of the experiment, all plants of each cultivar were 
grown under the same water regime. At the time when all the plants had 
reached BBCH stage 31, half of the plants were kept under well-watered 
conditions, while the other half were subjected to drought stress. 
Drought was induced by withholding irrigation until the end of the 
experiment. Thereafter, plants received the amount of (deionized) water 
needed to reach the desired target weight every 3 to 4 days, which 
corresponded to 70% of pot capacity in the control treatment and 40% of 
pot capacity in the drought treatment. Pot weights were monitored 
automatically on a daily basis using the scale in the measuring cabin, 
enabling precise and continuous control of soil moisture levels 
throughout the experiment.

2.7. Phenotyping of morphological traits

Agronomic traits were assessed every other day on the High- 
Throughput Phenotyping(HTP) platform. Carriers were automatically 
transported to the measurement station. Plants were individually 
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scanned by a multispectral 3D dual scanner (PlantEye F500, Phenospex, 
Heerlen, Netherlands) mounted 1.35 m above the plot edge and moved 
over the plants. The PlantEye produced a 3D point cloud from which 3D 
plant models were created using the x, y, and z coordinates (voxels) of 
each point. From the 3D models, all plant parameters, including plant 
height, leaf area, and digital biomass (height × leaf area), were calcu
lated and stored in the HortControl software (Phenospex, Heerlen, 
Netherlands). To eliminate possible positional effects in the greenhouse, 
the carriers were repositioned in the greenhouse cabin after each scan. 
At the beginning of the drought treatment, the number of pots per tray 
was reduced to three to avoid overlapping leaves and to allow good 
separation of individual plants.

Plants were harvested at maturity (BBCH ≥ 92). Morphological pa
rameters of the above-ground parts (maximum plant height, number of 
shoots, weight of ears, etc.) were determined manually. Spikes were 
discarded, and the total grain yield per plant was determined. Thousand- 
grain weight was determined on a set of 100 grains for each plant.

2.8. Analysis of 13C stable isotope and elemental analysis of C and N

Grain from each line was milled to fine flour for homogenization. 
Approximately 1.3–1.7 mg of flour was weighed into zinc capsules for 
isotope analysis. Measurements of 13C/12C and elemental C and N were 
performed on an Isotope Ratio Mass Spectrometer (IRMS; Delta V 
Advantage, Thermo Fisher, Dreieich, Germany) coupled to an Elemental 
Analyzer (Euro EA, EuroVector, Milano, Italy) following established 
procedures [21].

The δ13C values of the samples were expressed relative to the inter
national VPDB standard: 

δ13C (‰ VPDB)=
(

Rsample − RVPDB

RVPDB

)

× 1000;

where Rsample is the 13C/12C ratio of the flour sample and RVPDB =

0:0111802 [22].

2.9. Calculation of iWUE

Intrinsic water-use efficiency was derived from δ13C measurements 
obtained from seed flour samples using the R package “isocalcR” [23]. 
Mean air temperature during the grain-filling period (1 July–7 August 
2020; average 19.67 ◦C) was calculated from daily temperature records 
collected in the greenhouse. Corresponding climate data are provided in 
Supplementary Fig. 5.

2.10. Data analysis and statistics

All statistical analyses were conducted in R (v4.3.1; R Core Team, 
2023; https://www.R-project.org/). A generalized linear model (GLM) 
was applied to evaluate the effects of treatment (control vs. drought), 
iWUE/δ13C groups (high vs. low), and their interaction on phenotypic 
traits during key growth stages, BBCH 60–92 (Biologische Bundesan
stalt, Bundessortenamt, and Chemische Industrie), in the greenhouse. 
Residual diagnostics confirmed model assumptions, and Tukey's HSD 
test (p < 0.05) was used for post hoc comparisons.

2.11. Transcriptomic analysis

2.11.1. RNA extraction, library construction, sequencing, and quality 
control

To investigate transcriptional differences associated with iWUE, 
RNA-seq analysis was conducted on eight wheat lines representing 
phenotypic extremes of δ13C (four high-iWUE and four low-iWUE). For 
each genotype and treatment (control and drought), 4–5 biological 
replicates were included, resulting in a total of 65 leaf samples. This 

extreme-phenotype design was employed to maximize biological 
contrast and enhance the detection power of differential gene 
expression.

All plants were grown under controlled greenhouse conditions, and 
leaf samples were collected at a synchronized developmental stage 
(BBCH 65) to minimize biological and developmental variability. Total 
RNA was extracted using an optimized protocol provided by the 
Helmholtz Center Munich (EUS department). RNA purity (A260/280 and 
A260/230 ratios) and concentration were assessed using a Nano
Photometer® N60/N50 (Implen GmbH, Munich, Germany). RNA 
integrity was confirmed by Novogene, with RIN values above 5 and 
predominantly ranging between 8 and 10, indicating high-quality RNA 
suitable for sequencing.

Library preparation was performed using poly(A) enrichment, and 
sequencing was conducted on the Illumina platform, generating 
approximately 20 million paired-end reads (150 bp) per sample. The 
inclusion of multiple biological replicates per genotype and treatment 
enabled robust estimation of within-group variance and increased con
fidence in downstream differential expression and co-expression ana
lyses. Raw sequencing data were delivered via cloud storage in FASTA 
format, ensuring accessibility and secure data handling.

The Fastp version was utilized for a quality control process of read 
trimming and quality assessment, generating a summary report from 
MultiQC to ensure reliability and accuracy in downstream tran
scriptomic analyses. Fastp was applied to remove adapter sequences and 
to trim low-quality bases as well as to filter out short reads from raw 
reads before pre-processing for further downstream analysis. It also 
provided detailed quality metrics, including per-base quality scores, GC 
content distribution, sequence duplication rates, and the identification 
of overrepresented sequences. To aggregate the results and provide a 
holistic overview of the dataset quality, MultiQC was used to consolidate 
the Fastp output into a single report.

2.11.2. Sequence mapping and differentially expressed gene identification
The cleaned sequence reads were then mapped against the bread 

wheat reference genome, International Wheat Genome Sequence Con
sortium (IWGSC) RefSeq v1.1, using kallisto version 3.27.0 [24]. A 
kallisto index was generated from the IWGSC RefSeq v1.1 transcriptome 
using the default k-mer length (k = 31). The derived expression values 
were normalized and output as transcript-level abundance estimates 
(TPM, estimated counts, and effective lengths). The transcript-level data 
were aggregated to gene-level counts using the tximport package in R 
(version 4.3.1), ensuring compatibility with downstream analyses. 
Gene-level counts were analyzed using the DESeq2 package [25] 
(version 1.42.1), which began with the creation of a DESeqDataSet and 
proceeded with normalization to correct for differences in library sizes. 
Size-factor normalization was applied to correct for sequencing depth, 
and variance-stabilizing transformation (VST) was used for visualization 
and clustering. DGE analysis was performed to identify genes with sig
nificant changes between drought and control as well as between 
high-iWUE and low-iWUE lines under drought stress conditions. Genes 
were filtered based on a threshold of log2 fold change ≥ 1 or ≤ − 1 and a 
false discovery rate (FDR) ≤ 0.05.

2.11.3. Functional annotations and pathway enrichment
Functional annotation for the bread wheat reference genome was 

performed using Mercator4 (v5.0) [26] to assign MapMan hierarchical 
functional categories (BIN and sub-BIN levels). These annotations were 
then integrated with the differentially expressed genes (DEGs) identified 
from our analysis, using the clusterProfiler package in R (v4.6) [27]. 
Enrichment analyses were conducted for each functional level. DEGs 
were tested for enrichment in these categories, with a significance 
threshold of p ≤ 0.1, adjusted for multiple testing using the 
Benjamini-Hochberg method.
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2.11.4. Weighted Gene Co-Expression Network Analysis (WGCNA)
Gene co-expression networks were constructed using R (version 

4.3.1) and the WGCNA package [28] (version 1.73) based on 
variance-stabilized expression values from leaf (F-2) RNA-seq data. As 
input, we used the union of all genes (73,697 genes) that were signifi
cantly differentially expressed in the control vs. drought stress contrast 
(see differential expression analysis). Pairwise Pearson correlations 
were computed to create an adjacency matrix using an unsigned 
network, allowing detection of both positively and negatively 
co-expressed gene sets. A soft-thresholding power of β = 8 was deter
mined using the “pickSoftThreshold” function according to scale-free 
topology criteria. The adjacency matrix was then transformed into a 
topological overlap matrix (TOM), and genes were clustered using 
TOM-based dissimilarity.

Modules were identified using the dynamic tree cut algorithm with a 
minimum module size of 30 genes. To refine the module structure, 

modules with highly similar eigengenes were merged using a cut height 
of 0.3, which corresponds to an eigengene correlation threshold of 
approximately 0.7. For each resulting module, the module eigengene 
(first principal component) was calculated and correlated with treat
ment (control vs. drought), iWUE group (high vs. low) using Pearson 
correlation. Modules with p < 0.05 were considered significantly asso
ciated with a trait. Each module was assigned a unique color label for 
visualization (e.g., pink), while genes that did not fit into any co- 
expression cluster were placed into the “grey” module.

2.12. Phenomics and transcriptomics integration: bridging the gap for 
trait discovery

To unravel the molecular underpinnings of iWUE in wheat, we in
tegrated phenotypic and transcriptomic datasets. This approach com
bined QTL mapping results from the MAGIC population, which 

Fig. 2. Identification and selection of contrasting wheat genotypes. (a) Genome-wide − log10(P) profiles for δ13C measured at Morgenrot in 2019. Horizontal dashed 
lines indicate the genome-wide significance threshold. Colored bars represent QTL support intervals corresponding to significant loci on chromosomes 1D, 2B, 4B, 
4D, 6A, and 6B associated with variation in δ13C and iWUE. (b) Technical replicate consistency for δ13C among the 50 most extreme lines at Morgenrot. Measured 
δ13C values for two independent laboratory replicates are shown for each genotype (Replication 1: black circles, Replication 2: red circles). Lines are ordered from 
highest to lowest δ13C values based on Replicate 1. The tight clustering of replicate measurements for most genotypes demonstrates high analytical precision and 
validates δ13C as a robust physiological trait suitable for QTL mapping and subsequent selection of contrasting lines for greenhouse experiments. Genotypes 
highlighted in magenta and cyan correspond to the final eight extreme lines (four highest, four lowest δ13C) selected for transcriptomic analysis.
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identified six QTLs associated with carbon isotope composition (a proxy 
for iWUE). These results were integrated with DGE analysis and 
WGCNA. By overlaying these datasets, we identified genes that were not 
only differentially expressed but also part of significant co-expression 
modules and located within the identified QTL regions.

Such an integrative approach enabled the identification of high- 
confidence candidate genes that are most likely to contribute to iWUE 
under drought stress. We present a robust framework that connects 
phenomics and transcriptomic insights to narrow down gene candidates, 
paving the way for functional validation and application in breeding 
programs aimed at enhancing drought resilience in wheat.

3. Results

3.1. δ13C results from the Bavarian MAGIC Wheat (BMW) population 
under field conditions

The BMW population, developed by the Bavarian State Research 
Center for Agriculture (LfL) in Germany [14], is derived from eight 
diverse winter wheat founder lines and offers extensive allelic diversity 
and high recombination. Its 394 recombinant inbred lines (RILs) provide 
a powerful resource for both gene discovery and applied breeding under 
challenging environments (Supplementary Fig. 1). In this study, the 
BMW population was used to investigate drought tolerance in bread 
wheat via δ13C, a robust physiological proxy for iWUE [11,12]. A field 
trial was conducted at the Morgenrot in 2019. The site, located in 
Sachsen-Anhalt, Germany, faced varying water limitations and was 
selected to simulate drought-prone conditions in its respective region 
(Fig. 1).

δ13C was measured in wheat lines at the Morgenrot site using an 
Isotope Ratio Mass Spectrometer, and QTL mapping was performed to 
identify genomic regions associated with δ13C. A total of six QTLs were 
detected on chromosomes 1D, 2B, 4B, 4D, 6A, and 6B in the Morgenrot 
site, highlighting them as targets for breeding drought-tolerant wheat 
(Fig. 2a, Supplementary Table 1). Following the identification of these 
QTLs, a set of extreme lines was selected based on the δ13C results ob
tained at this site. Selection was based on the following criteria: (i) 
Phenotypic extremes, selecting lines with the highest and lowest δ13C 
values from the Morgenrot site; (ii) Allelic status at height-related loci, 
ensuring only lines with wild-type Rht alleles were retained to avoid 
confounding; and (iii) Genome-wide genetic distance and measurement 
consistency, ensuring selected lines were genetically diverse and showed 
stable δ13C values in replicates. Eight contrasting wheat lines (four with 
high δ13C and four with low δ13C) were selected following these criteria 
(Fig. 2b). These lines constitute the basis of the greenhouse experiment, 
where they served as the biological material for transcriptomic analysis 
aimed at understanding the molecular basis underlying their observed 
contrasting iWUE phenotypes.

3.2. Comparative phenotyping of extreme wheat lines with respect to 
iWUE

Selected extreme lines were cultivated under two contrasting irri
gation regimes in the fully automated high-throughput phenotyping 
facility at Helmholtz Munich: well-watered conditions and controlled 
drought stress. All pots were standardized to an initial weight of 
approximately 4.2 kg. Drought stress was imposed by maintaining pot 
weights below predefined thresholds that were gradually increased 
(2.8–3.7 kg) over the course of the experiment to ensure consistent 
water limitation while avoiding excessive wilting. Phenological varia
tion among genotypes was controlled by monitoring plant development 
from growth stage BBCH 31 [29] onward.

A comprehensive set of phenotypic traits was quantified: (i) leaf 
architectural parameters (e.g., leaf angle, leaf inclination, leaf area 
index), light penetration depth, and digital biomass were measured 
automatically using an integrated shoot phenotyping system; (ii) traits 

such as number of shoots, number of seeds, dry biomass, and thousand- 
kernel weight (TKW) were measured manually.

3.3. Statistical analysis of phenotypic traits at BBCH 60-92

The analysis during the interval from flowering to ripening stage 
revealed that both treatment (drought vs. control) and δ13C/iWUE group 
(high vs. low) had significant effects on multiple traits, particularly 
those related to biomass accumulation and TKW.

Significant interaction effects between treatment and δ13C group 
were also observed for traits such as leaf inclination (LIc), light pene
tration depth (LPD), leaf area projection (LAP), and leaf angle, indi
cating that the response of certain phenotypes to drought stress differed 
depending on their δ13C group (Table 1).

In contrast, traits related to reproductive output, such as the number 
of tillers, fully and partially filled ears, were more strongly influenced by 
treatment alone, with less evidence of interaction or δ13C group effect. 
However, the number of mature seeds was affected by the type of 
treatment and the iWUE group, although no interactions were observed. 
These findings highlight the phenotypic plasticity of the genotypes 
belonging to different δ13C groups.

Detailed results of the statistical analyses, including estimated mar
ginal means (EMMs), standard errors (SE), and Tukey post hoc group
ings for all the traits measured in the experiment, are provided in 
Supplementary Table 2.

3.3.1. Drought stress effects on plant growth parameters
Significant association was observed between treatment and iWUE 

group for both digital biomass and TKW, indicating contrasting re
sponses of high- and low-iWUE lines under drought conditions (Fig. 3a 
and b). Under well-watered (control) conditions, high-iWUE lines pro
duced significantly higher digital biomass than low-iWUE lines, with 
means of approximately 4 × 107 and 3.5 × 107, respectively (Fig. 3a). 
While drought stress resulted in a substantial reduction of biomass 
across both groups, high-iWUE lines maintained relatively higher 
biomass than low-iWUE lines.

Similarly, a pronounced interaction between treatment and iWUE 
group was observed for TKW. Under control conditions, high-iWUE lines 
had a significantly greater TKW (~35 g) compared to low-iWUE lines 
(~26 g), suggesting a potential yield advantage under favorable condi
tions. Under drought stress, however, the difference between the groups 
became less pronounced, with both high- and low-iWUE lines exhibiting 
similar TKW values (~29–26 g) (Fig. 3b).

The temporal dynamics of canopy architectural traits under drought 
stress revealed pronounced differences between wheat lines with high 
and low δ13C/iWUE. High-iWUE lines, which have higher δ13C, consis
tently exhibited greater leaf angle values throughout most develop
mental stages (Fig. 3c), indicating a wider angle between the leaf blade 
and the stem. Although high-iWUE (also higher δ13C) lines had a greater 
leaf angle, they showed lower leaf inclination (Llc) during the repro
ductive stage, reflecting reduced lamina bending and resulting in a more 
erect and vertically aligned canopy under drought stress (Fig. 3d).

3.3.2. Trait correlation analysis across developmental stages (flowering to 
full ripening)

A correlation analysis was performed for all measured traits across 
the growth stages from flowering (BBCH 60) to full ripening (BBCH 92). 
Such a holistic approach allowed insights into how phenotypic traits 
interrelate in critical growth phases and, by the same virtue, into pat
terns and dependencies that might determine overall plant performance 
and resilience under fluctuating conditions.

The Pearson correlation matrix highlights how drought stress alters 
relationships among traits (Fig. 3e). For instance, there is a strong 
negative correlation between the leaf angle and leaf inclination under 
both control (green, lower triangle) and drought conditions (pink, upper 
triangle). δ13C shows strong correlations with water-use traits, like 
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iWUE, under drought conditions, suggesting its potential as a marker for 
iWUE and drought tolerance in wheat.

3.4. Principal Component Analysis (PCA) of gene expression profiles

Transcriptomic data were generated from the second leaf below the 
flag leaf (F-2 leaf) tissue collected under drought and control conditions 
at the flowering stage (BBCH 65) for all eight genotypes. To ensure strict 
comparability across genotypes, developmental staging was monitored 
daily and samples were harvested only once each line had completed 
BBCH 65. All leaf samples were collected within the same time window, 
ensuring uniform developmental and temporal sampling across treat
ments and genotypes. RNA sequencing reads were mapped to the Triti
cum aestivum cv. Chinese Spring reference genome (IWGSC RefSeq v1.1) 
[30] and normalized gene expression values were obtained. Normalized 
and variance-stabilized expression values were used to explore major 

sources of variance among samples. An initial PCA including both con
trol and drought condition samples, as well as δ13C groupings, 
confirmed clear separation between control and stress treatment, 
underscoring the strong impact of drought on transcriptional profiles 
(Supplementary Fig. 2).

The PCA plot displayed in Fig. 4a focuses exclusively on drought- 
stress samples to assess transcriptional differences between the high- 
iWUE and low-iWUE groups. PC1 and PC2 explained 23% and 10% of 
the variance, respectively. Replicates from the same iWUE group 
showed a tendency to cluster, indicating partially shared transcriptional 
responses within each group. However, the overlap between the two 
groups suggests that the iWUE contrast is driven by a comparatively 
limited set of genes rather than a genome-wide shift in expression, 
consistent with a polygenic and network-based regulation of δ13C under 
drought.

Table 1 
Summary of p-values from GLM analysis testing the effects of treatment, iWUE, and their interaction (Treatment (control vs. stress) × δ13C/iWUE groups) on agronomic 
traits measured during grain filling to ripening stages (BBCH 69–92).

SOV Biomass (3D) Biomass (Dry) Max-Height Height TKW LA LAI LIc Leaf angle LPD LAP

Treatment 0.0000 
***

1.04E-70 
***

4.08E-293 
***

0.00000 
***

0.02100 
*

0.000 
***

0.000 
***

6.66E-38 
***

1.99E-41 
***

5.99E-20 
***

0.00000 
***

δ13C/iWUE 2.12E-51 
***

1.06E-07 
***

1.57E-113 
***

2.35E-89 
***

9.64E-06 
***

1.09E-14 
***

1.12E-25 
***

0.03220 
*

0.01498 
***

2.08E-99 
***

9.49E-14 
***

Treatment*iWUE 1.34E-28 
***

0.09086 ns 0.17845 ns 0.21599 ns 0.02671 
*

0.2105 ns 0.2088 ns 0.01314 
*

0.00215 
**

0.00918 
**

0.03189 
*

SOV Tillers Fertile tillers Unfertile tillers Total ear Filled ears Partially filled ears Mature seeds Poor-quality seeds

Treatment 4.16E-25 
***

2.97E-29 
***

0.41889 ns 2.55E-27 
***

4.36E-30 
**

2.48E-05 
***

6.88E-93 
***

0.00787 
**

δ13C/iWUE 0.86200 ns 0.51650 
Ns

0.09838 ns 0.87088 ns 0.37609 ns 0.09830 ns 0.00232 
**

0.21784 
*

Treatment*iWUE 0.24200 ns 0.92370 
Ns

0.93040 ns 0.984671 ns 0.38518 ns 0.63887 ns 0.97144 ns 0.47390 ns

Note: Significant effects are indicated by asterisks. Traits include biomass (3D imaging and dry), thousand kernel weight (TKW), canopy characteristics (LA: leaf area, 
LAI: leaf area index, LPD: light penetration depth, LAP: leaf area projection, LIc: leaf inclination, leaf angle), and maximum and average height. 
Note: Significance levels are denoted as follows: ***p < 0.001, **p < 0.01, *p < 0.05, ns = not significant.

Fig. 3. Phenotypic variation and trait correlations in contrasting iWUE wheat groups. (a) Digital biomass, (b) TKW, (c) Leaf angle variation, and (d) LIc dynamics 
across treatments (control vs. drought stress) in high- and low-iWUE groups. A GLM and Tukey's HSD post hoc test were performed to identify significant differences 
between groups and treatments. Common letters above bars indicate no significant differences between groups or treatments (p > 0.05). (e) Trait correlation matrix 
across all measured phenotypes from flowering to full ripening (BBCH 60–92). Pearson correlation coefficients illustrate the relationships among physiological, 
architectural, and yield-related traits under combined control (green, lower triangle) and drought (pink, upper triangle) conditions. Color intensity represents 
correlation strength. Each number quantifies the strength of the linear relationship between two traits, indicating whether the relationship is positive or negative.
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3.5. DGE analysis identifies candidate genes associated with drought 
stress response

Understanding plant responses to drought stress is key to developing 
more resilient crops. Our research identifies genes involved in this 
process by analyzing gene expression profiles under drought and control 
conditions. For this purpose, DGE analysis was performed across two 
main comparisons: (i) control vs. drought stress, and (ii) high-vs. low- 
iWUE lines under drought conditions.

In the control vs. drought comparison, genes were classified as either 
upregulated or downregulated in response to drought stress. In parallel, 
differential expression between high- and low-iWUE lines under drought 
conditions identified genes associated with variation in iWUE. These 
four DEG categories (up- and downregulated in each comparison) are 
summarized in Fig. 4b.

The Venn diagram illustrates the overlap between these compari
sons, highlighting genes that are consistently differentially expressed in 
both drought response and δ13C/iWUE contrast. In total, 2761 genes 
were differentially expressed between drought and control conditions. 
Additionally, 2533 genes were differentially expressed between high- 
and low-δ13C lines under drought conditions. Among these, 62 genes 
were commonly upregulated and 8 genes were commonly down
regulated in both comparisons.

These overlapping DEGs likely represent key regulators linking 
drought response and δ13C, suggesting their involvement in shared 
stress-responsive pathways contributing to improved iWUE in wheat.

3.6. Functional enrichment analysis of differentially expressed genes

To understand the biological implications of these changes (genes 
differentially expressed in high vs. low δ13C (iWUE) groups under 
drought stress conditions), we performed a functional enrichment 
analysis.

Under drought stress conditions, stress-responsive genes were found 
upregulated, particularly those involved in ABA signaling and tran
scriptional regulation, while downregulated genes were related to 
photosynthesis, such as RuBisCO and the light-harvesting complex II 
(LHC-II) complex. This indicates a shift from growth to survival strate
gies, with enhanced stress response and reduced photosynthetic activity 
helping the plants conserve resources during water deficit (Supple
mentary Fig. 3).

For the comparison of high-δ13C vs. low-δ13C (shown by grouping in 
iWUE) under drought conditions, the results of the enrichment analysis 
reveal that the majority of upregulated genes in lines exhibiting high 
δ13C are significantly associated with key biological functions, including 
growth regulation (WRKY transcription factors (TFs)/WRKY33 TFs), cell 
wall stability (WAK/WAKL TFs), metabolic reprogramming (regulated 

Fig. 4. Transcriptomic characterization of contrasting iWUE wheat groups. (a) PCA of high and low-iWUE/δ13C wheat lines under drought stress. Variance-stabilized 
expression data show partial separation of high (green) and low (purple) iWUE groups along PC1 (23% variance) and PC2 (10% variance). While samples do not form 
completely discrete clusters, the grouping tendency indicates that drought induces shared transcriptional adjustments within each iWUE class. (b) DEGs contrast 
across key comparisons. The four-way Venn diagram depicts the overlap between DEGs identified in (i) control vs. drought (upregulated), (ii) control vs. drought 
(downregulated), (iii) high vs. low-iWUE under drought (upregulated), and (iv) high vs. low-iWUE under drought (downregulated). 62 genes were commonly 
upregulated, and 8 genes were commonly downregulated in both comparisons. These shared DEGs represent strong candidates for mediating drought-induced 
physiological differences between the two iWUE groups. (c) WGCNA module–trait association map. The heatmap displays Pearson correlations between module 
eigengenes and phenotypic traits, treatments, genotypes, and iWUE classes. Color intensity reflects correlation strength (red = positive; blue = negative), and point 
size denotes significance level (larger dots = lower p-values). These graphs underscore the modular architecture of drought-induced gene regulation and support the 
identification of biologically meaningful co-expression groups underlying iWUE.
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by SnRK1 kinase regulatory system), and the most notably, stomatal 
regulation (controlled by LRR-XII protein kinase) (Supplementary 
Fig. 4). These findings suggest that the identified genes play a pivotal 
role in the plant's adaptive responses to water-limited environments, 
enhancing overall iWUE.

3.7. Exploring gene co-expression modules under drought stress

To characterize coordinated transcriptional responses associated 
with drought stress and δ13C, WGCNA was performed. This approach 
enabled the identification of gene modules based on shared expression 
patterns across samples and the evaluation of their associations with 
phenotypic traits, treatment conditions, and δ13C groups.

A total of 72 co-expression modules were identified, reflecting the 
complex regulatory architecture underlying drought response (Fig. 4c). 
Several modules exhibited significant correlations with key traits, 
including δ13C, biomass, plant height, and leaf architectural parameters, 
suggesting that distinct gene networks contribute to phenotypic varia
tion under both control and drought conditions.

Furthermore, module-trait relationships revealed clear differentia
tion between stress and control treatments, as well as between high- and 
low-δ13C groups, indicating the presence of gene networks specifically 
associated with drought responsiveness and variation in iWUE. In 
Fig. 4c, color intensity represents the strength and direction of correla
tions (red = positive; blue = negative), while dot size corresponds to 
statistical significance, with larger dots indicating stronger associations.

Fig. 5. Integrative identification of candidate genes associated with iWUE. (a) Schematic overview of the multi-layered integrative framework used to identify 
candidate genes. The approach combines WGCNA, DGE analysis, and QTL mapping to prioritize genes that are differentially expressed, belong to trait-associated co- 
expression modules, and are located within QTL regions associated with water-use efficiency. Genes shared across all three layers were retained as final candidate 
genes. (b) Distribution of DEGs within WGCNA modules containing at least one final candidate gene. Bars represent the total number of upregulated (blue) and 
downregulated (grey) DEGs per module. Candidate genes meeting all three selection criteria (QTL co-localization, differential expression, and module membership) 
are highlighted in orange. (c) Genomic distribution of high-confidence candidate genes across wheat chromosomes. Candidate genes retained after multi-layer 
filtering were mapped to their physical positions on chromosomes 1D, 4B, 4D, 6A, and 6B using the IWGSC RefSeq v1.1 reference genome. Red markers denote 
upregulated candidate genes, while blue markers denote downregulated genes.
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These findings highlight the presence of coordinated transcriptional 
programs underlying drought adaptation and iWUE-related traits.

3.8. Unraveling key candidate genes for iWUE in wheat: integrating QTL 
mapping, DGE, and WGCNA results

To identify robust candidate genes underlying observed variation in 
δ13C, we integrated the results from QTL mapping, DGE, and WGCNA. 
This multi-layered approach allows the pinpointing genes that are (i) 
differentially expressed, (ii) part of significant co-expression modules, 
and (iii) located within the QTL regions associated with δ13C (Fig. 5a). 
Importantly, this integrative framework ensures that the selected 
candidate genes are not only physically localized within QTL intervals 
identified at the Morgenrot site, but also functionally supported by 
transcriptional and network-level evidence. Many of these genes are 
involved in key drought-responsive processes, including stomatal regu
lation and energy metabolism, thereby providing a mechanistic basis for 
the observed QTL effects on δ13C and iWUE.

WGCNA identified several trait-associated modules containing both 
up- and downregulated DEGs. For visualization, modules harboring at 
least one final candidate gene are shown in Fig. 5b, with upregulated 
DEGs depicted in blue and downregulated DEGs in grey. Candidate 
genes that meet all three selection criteria (QTL co-localization, differ
ential expression, and module membership) are highlighted in orange, 
illustrating their relative contributions within each module. In total, 18 
candidate genes were identified across nine distinct modules, supporting 
their potential regulatory relevance.

3.9. Genomic localization and functional annotation of candidate genes

The candidate genes, which are associated with drought stress 
resistance and δ13C, were mapped onto wheat chromosomes according 
to their physical positions in the reference genome. These genes are 
located on chromosomes 1D, 4B, 4D, 6A, and 6B. The red and blue 
markers (up- and down-regulated genes, respectively) indicate the lo
cations of these candidate genes, with implications for their involvement 
in controlling certain key physiological and phenotypic responses to 
water stress (Fig. 5c). This extended visualization offers an integrated 
overview of the localization of candidate genes, which is important for 
understanding their functional relevance in drought resistance and 
iWUE.

To aid the use and further validation of the identified candidate 
genes associated with δ13C and drought stress resistance, we provide an 
integrated table (Supplementary Table 3) including alternative names 
retrieved from KnetMiner 5.7 [31]. This table also contains corre
sponding orthologs that provide insights into the evolutionary conser
vation and potential functions of these genes across species.

4. Discussion

Drought stress threatens global crop productivity by affecting 
growth, development, and yield. Plants adapt via morphological, 
physiological, and biochemical changes, including water-use efficiency, 
biomass allocation, and reproductive strategies. Reproductive success is 
key to survival, making genotype-specific responses crucial for breeding 
under water limitation.

Under drought stress, TKW did not differ between high- and low- 
δ13C/iWUE groups, despite pronounced differences in vegetative and 
canopy-related traits. Lines with higher δ13C maintained greater 
aboveground biomass and canopy integrity, indicating enhanced vege
tative performance and improved stress buffering rather than increased 
reproductive output. This suggests that under sustained drought, plants 
prioritize the maintenance of photosynthetically active tissues, enabling 
continued carbon assimilation while limiting yield penalties.

Although drought stress was imposed continuously from the vege
tative stage (BBCH 31) until maturity, reproductive traits such as TKW 

appeared comparatively buffered. This likely reflects the strong physi
ological regulation of sink strength and grain filling in wheat, where 
moderate but prolonged water limitation can be compensated by sus
tained source activity and efficient remobilization of assimilates. As a 
result, high δ13C alone did not translate into increased grain weight, 
underscoring the role of sink capacity and assimilate partitioning in 
determining yield under drought.

In contrast, leaf architectural traits showed clearer drought adapta
tion, with high-δ13C lines exhibiting more erect leaves and reduced 
inclination. This canopy configuration is associated with lower tran
spirational demand, improved light distribution, and reduced thermal 
stress, and has been linked to enhanced water interception under water- 
limited conditions [32,33], supporting its functional relevance for 
drought resilience independent of grain yield.

At the genetic level, previous studies have demonstrated that δ13C 
and related traits are controlled by a complex, polygenic architecture 
with strong environmental dependency. QTL associated with δ13C and 
transpiration efficiency have been reported across multiple chromo
somes, particularly on 2B and group 4 chromosomes (including 4B, 4D), 
suggesting partially conserved genomic regions underlying water-use 
efficiency [34,35].

Consistent with these findings, we detected significant QTLs on 
chromosomes 2B, 4B, and 4D, supporting the reproducibility of these 
loci across genetic backgrounds. Importantly, the use of lines carrying 
wild-type alleles at major height loci minimized confounding effects of 
plant stature, indicating that the signal on chromosome 4D and 4B re
flects independent genetic control of δ13C rather than indirect archi
tectural effects. Beyond these conserved regions, additional loci 
identified on chromosomes 6A and 6B suggest further genetic contri
butions to drought adaptation, particularly under severe water-limited 
conditions. Notably, we also detected a QTL on chromosome 1D, a re
gion associated with δ13C and water-use efficiency. This expands the 
current understanding of the genetic architecture underlying iWUE and 
highlights the potential of underexplored genomic regions as targets for 
breeding.

Transcriptomic analysis identified 18 candidate genes associated 
with drought adaptation and iWUE, many of which were embedded in 
transcriptional networks dominated by stress-responsive transcription 
factors. In our study, abscisic acid (ABA)-related functions were 
enriched among candidate genes associated with iWUE under drought 
stress. Several candidates were linked to ABA-responsive and stomatal 
regulatory pathways, suggesting coordinated drought acclimation. 
Supporting this, enhanced ABA perception has been shown to increase 
iWUE in wheat, as demonstrated by overexpression of the ABA receptor 
gene TaPYL1-1B [36].

Here, we highlight selected up- and down-regulated candidate genes 
with reported roles in iWUE, stomatal regulation, and drought- 
responsive processes. Detailed functional annotations and descriptions 
of the remaining candidate genes are provided in the Supplementary 
Functional Description Table (Supplementary Table 4). 
TraesCS1D02G001700 (INRPK1) encodes a leucine-rich repeat receptor- 
like kinase (LRR-RLK) that functions as a central signaling hub in wheat 
drought stress response [31]. It is embedded in a WRKY-regulated 
network (e.g., TaWRKY18, TaWRKY51, TaWRKY54, TaWRKY46), 
linking it directly to drought tolerance pathways supported by experi
mental evidence [37–39]. Functionally, it integrates stress and hormone 
signaling (salicylic acid and jasmonic acid pathways) with develop
mental regulation, particularly root architecture traits (root length and 
lateral root formation) that enhance water uptake. At the physiological 
level, it is associated with regulation of transpiration and chlorophyll 
content, thereby connecting drought signaling with water-use efficiency 
and maintenance of photosynthetic capacity under stress [31].

TRAESCS4D02G038000 likely functions as a transcriptional regu
lator acting as a central hub in wheat drought stress networks, inte
grating signals from WRKY and NAC transcription factors (e.g., 
TaWRKY46, TaWRKY51, TaWRKY54, TaNAC061 [31]). Through these 
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interactions, it contributes to key drought-adaptive mechanisms, 
including stomatal closure to reduce transpiration [37] and enhanced 
root architecture for improved water uptake [38]. Among the down
regulated genes, TraesCS4B02G116800 (OFP8) encodes an OVATE 
Family Protein acting as a transcriptional repressor involved in plant 
growth regulation and hormone signaling. It is functionally linked to 
brassinosteroid (BR) signaling, where OFP8 modulates plant architec
ture and development through interactions with key kinases in rice [40].

TraesCS6B02G367100 (TaRIPK) encodes a receptor-like cytoplasmic 
kinase (RLCK) involved in stress and MAPK signaling pathways. It reg
ulates key traits such as root development and stomatal behavior 
[39–41], linking environmental signals to water uptake and transpira
tion control.

While the integrative framework applied in this study enabled the 
identification of high-confidence candidate genes, certain limitations 
should be considered when interpreting these results. QTL detection was 
performed using data from a single field environment (Morgenrot, 
2019), representing drought-prone conditions. Given the well-known 
influence of genotype × environment interactions on quantitative 
traits such as δ13C and iWUE, the identified loci may reflect 
environment-specific genetic effects rather than universally stable QTLs. 
Accordingly, these loci should be interpreted as drought-relevant QTLs 
under water-limited conditions. While cross-location phenotypic corre
lations indicate a genetic component underlying δ13C variation, formal 
validation of QTL stability across environments will require multi- 
environment mapping in future studies. Furthermore, our identified 
candidate genes represent prime targets for future experimental vali
dation, using approaches such as quantitative PCR, gene editing, or 
functional characterization in controlled systems.

5. Conclusion

This study used δ13C as a proxy for iWUE in a winter wheat MAGIC 
population to identify key phenotypic traits and candidate genes asso
ciated with drought resistance. Wheat lines with higher δ13C were found 
to be linked to improved drought tolerance, including optimized leaf 
architecture, sustained biomass, and enhanced canopy greenness, under 
water-limited conditions. Transcriptomic analysis showed increased 
expression of genes involved in ABA and JA signaling, pattern-triggered 
immunity, photosynthesis, and strigolactone-mediated root develop
ment, along with decreased expression of genes regulating leaf inclina
tion and ABA sensitivity. This suggests a coordinated genetic and 
physiological response that balances water conservation with carbon 
assimilation. The identification of candidate genes and QTLs for 
improved water use efficiency facilitates the development of markers for 
this important trait and its use in marker-assisted selection (MAS). Our 
findings highlight specific molecular pathways and phenotypic strate
gies that support drought resilience, offering a valuable foundation for 
breeding wheat varieties with better water-use efficiency and produc
tivity under drought stress.
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