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Abstract.  
Grain protein concentration in wheat is influenced by complex interactions among plant 
development, soil properties, and nitrogen availability. This study evaluated the agronomic drivers 
of protein using structural equation modeling (SEM) applied to a large dataset (n ≈ 26,000). 
Initial analyses highlighted strong interdependence among predictors, motivating a structural 
framework to partition direct and indirect effects. The final SEM demonstrated excellent fit (CFI = 
0.997, RMSEA = 0.048) and explained approximately 25% of the variance in protein 
concentration. 
Protein was negatively associated with yield (standardized β = -0.26), indicating a dilution effect, 
and positively associated with maturity (β = 0.35) and soil properties (β = 0.27). Nitrogen 
availability increased yield but exhibited a weak negative direct effect on protein (β = -0.07). 
These results demonstrate that protein formation is governed by a trade-off between yield and 
grain filling duration, with soil conditions exerting an additional independent influence. The 
findings highlight the importance of integrating phenology and soil effects when modeling grain 
protein, rather than relying solely on input variables such as nitrogen availability. 
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Introduction 
 Plant breeding has long been a critical component to the improvement of both production and 
quality of food grains [1]. Traditional breeding strategies compare the phenotypic outcomes of 
progeny from known parental plants in the search for favourable traits [2]. The reliance of 
destructive data sampling in traditional methods is largely undesirable due to the labour and costs 
associated with these methods [3]. Furthermore, breeding programs must be diligent with trait 
selection and studies, since too many plant characteristics exist to enable breeding all traits at 
once [4].  This requires the need for breeders to better understand what factors drive the formation 
of agronomic traits in plant breeding programs.   
Predictive models applied to phenotypic data allows breeders greater efficiencies by relating 
measurable variables to phenotypic outcomes [5]. These types of models are used to inform 
programs on cultivar selections. Previous studies have implemented these strategies to 
understand the yield formation in wheat and how nitrogen plays a role in estimating and modelling 
the outcomes of the plant [6]. 
While predictive modelling can provide substantial insight into complex systems, interpretability 
of the relationships modelled within these systems can become blurry. This study investigates 
relationships throughout the growing season that influence grain protein in Triticum durum. The 
objective of this study is to inform users of predictive models within High-Throughput Phenotyping 
on agronomic features best used for protein prediction in Triticum durum.  

Materials and Methods 

Site and Trial Characteristics 
Yield-plot trials conducted in the growing season of 2025 provide agronomic data of 101 Triticum 
durum cultivars. These trials are incorporated into a larger study investigating space-time plant 
interactions for rotational-breeding strategies, known as the ACTIVATE project [7]. This 
experiment included 100 different cultivars of both Triticum Durum and Lens culinaris, providing 
10,000 varietal combinations (S. Caballero, personal communication, May 20, 2026). Cultivars 
are seeded using an augmented randomized incomplete block design, with 3 check cultivars 
planted in each block.  
The area of interest is located east of Saskatoon, Saskatchewan comprised mainly of Bradwell 
Orthic Dark Brown soil expressing a fine sandy loam to loam texture [8]. Durum was planted in 
May 2025 with a target plant stand of 340 plants/m2 at both sites. Nitrogen fertilizer was applied 
at time of planting at a rate of 14.13 kg N/ha to allow establishment of seedlings. All other nitrogen 
sources stem from the labile pool, with additional nitrogen mineralized throughout the growing 
season. 

Data 
Agronomic data of the cultivars within the trial was taken throughout the season. Data collected 
include: Seeding Date, Heading Date, Maturity Date, and Height. Date metrics were expressed 
as Growing Degree Days. Additionally, 249 random plots were soil sampled in the Fall of 2024. 
These samples provided soil inorganic nitrogen (SIN) supply at 3 depths (0-15-cm, 15-30-cm, and 
30-60-cm), with the addition of potentially mineralizable nitrogen (PMN) at the 0-15-cm depth. 
Nitrogen values were converted into kg/ha to align with grain protein data. SIN was aggregated 
using the trapezoidal rule [9] to achieve SIN values from 0-60-cm. NDVI segmentation of plots 
and alignment of data frames on ‘PlotID’ allowed for the geolocation of sampled plots. Ordinary 
Krigging of soil sampled values using the ‘gstat’ and ‘likfit’ [10], [11], [12] provided spatial 
interpolation of soil nitrogen values within the trial. Structural Equation Modeling was implemented 
in R using the ‘lavaan’ package [13], [14] statistical modeling tools. 
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Results 
                                                                                                                                      Table 1: Fit Indices of SEM Model 

  

Figure 1: SEM Model of study 

Summary 
This study investigated the main drivers of grain protein formation in Triticum durum from the 
results of a yield plot trial. Structural Equation Modeling uncovered that diligent measurements of 
physiological events throughout the growing season paired with background knowledge on the 
nutrient history of the site can provide insight to what drives grain protein formation.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                              
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