
ABSTRACT 

CASTELLI GARNICA, VINICIUS. Influence of Environment, Risk of Disease Occurrence and 

Cultivar Stability to Stagonospora Nodorum Blotch in Winter Wheat. (Under the direction of Dr. 

Peter S. Ojiambo). 

 

Stagonospora nodorum blotch (SNB), caused by the fungal pathogen Parastagonospora 

nodorum, is a globally significant disease affecting wheat. Due to the limited availability of 

resistant cultivars, fungicide application remains the primary method for managing SNB during 

the growing season. However, fungicide decision-making is complicated by sporadic SNB 

outbreaks, fluctuating wheat prices, and uncertain yield returns, often leading to inefficient 

fungicide allocation. Decision support systems (DSSs) that predict SNB epidemics are essential 

for optimizing fungicide use and increasing wheat profitability by providing evidence-based 

guidance. To address key gaps in P. nodorum epidemiology needed for DSS development in the 

Southeastern U.S., field studies were conducted across 18 environments in North Carolina from 

2022 to 2024. These studies examined how agronomic practices, cultivar resistance, and weather 

conditions interact to influence SNB dynamics. 

Selecting wheat cultivars with strong SNB resistance is challenging due to varied 

phenotypic responses across environments. Research shows the wheat gene pool lacks complete 

SNB immunity, with resistance being quantitatively inherited and influenced by genotype-by-

environment interaction (GEI) effects. Thus, Chapter 2 evaluated GEI effects on SNB metrics, 

using 18 commercial soft red winter wheat cultivars in artificially-infested, multi-environment 

trials. Four epidemiological traits, i.e., rAUDPS, SEV, T50, and ω, were used to characterize 

epidemics. Using a third-order factor-analytic model and the FAST method, stable, high-

performing cultivars such as ‘USG 3230’, and unstable cultivars like ‘TURBO’ and ‘SH7200’, 

were identified. Low heritability suggests that environmental factors are the primary drivers of ω 

phenotypic variation. Large non-crossover GEI effects were observed in certain environments, 

highlighting the need to account for environment-specific interactions to improve SNB risk 

prediction. 

Chapter 3 identified weather variables conducive to SNB epidemics using the window-

pane algorithm, with latent factors (‗) explaining GEI effects on SNB severity as response 

variables. In total, 63, 23, and 44 second-level weather predictors were identified, derived from 

hourly air temperature, precipitation, and relative humidity. Associations between weather 



variables and ‗ persisted for up to 30 consecutive days and were detectable as early as 65 days 

before wheat anthesis, demonstrating their value in predicting early-season SNB risk.  

In Chapter 4, Bayesian generalized linear mixed-effects models were developed to predict 

SNB severity, building on the insights gained from the first two chapters. These models 

incorporated categorical predictors such as wheat residue presence, cultivar susceptibility to SNB 

(e.g., susceptible, moderately susceptible, moderately resistant), disease onset timing, and up to 

153 numerical pre-anthesis weather variables. The best-fitting Bayesian model achieved an RMSE 

of 4.24% on external validation data, outperforming the XGBoost model, which had an RMSE of 

5.53%. A more parsimonious model, including categorical factors and six pre-anthesis weather 

predictors, was selected for its simplicity and effectiveness. This set of probabilistic models 

advances SNB risk assessment by integrating a quantitative environmental framework that, with 

further validation, could be incorporated into a DSS for managing SNB in the Southeastern U.S. 

In Chapter 5, MSE FINDR, a web-based tool, was developed and validated to enhance 

research synthesis methods, including meta-analysis. MSE FINDR enables the inclusion of primary 

studies lacking within-study variance („) in research synthesis by estimating „  based on 

treatment means, significance level, replicates, and post-hoc test results across different 

experimental designs, such as Latin square and randomized complete block designs. It accurately 

recovered „  in simulated data, demonstrating its effectiveness for both single- and multi-factor 

experimental setups.  
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1.1. Progress and current status of wheat production in the world 

“And the floors shall be full of wheat, and the fats shall overflow with wine and oil.” ― Joel 2:24 

Assuming current consumption patterns and population growth estimates, global food 

production must rise by 0.8 to 1.4% annually to feed a population of 9.7 billion people by 2050 

(United Nations 2019; van Dijk et al. 2021). Projections indicate that over half of this anticipated 

growth will take place in sub-Saharan Africa (United Nations 2019), where access to agricultural 

technology and climatic challenges hampers the necessary advancements required to meet the 

growing demands of the population. In this context, bread wheat (Triticum aestivum L.), one of 

the major food crops, plays a pivotal role. Wheat is not only the world’s most widely cultivated 

crop, but its area of cultivation extends across temperate, Mediterranean-type, and subtropical 

regions in both hemispheres . In 2022, 18.5 million ha of wheat were cultivated in the U.S. (USDA-

NASS 2023). Wheat has unique nutritional value due to its bioactive components, dietary fiber, 

minerals, and vitamins, particularly B vitamins (McKevith 2004). Approximately 90% of the 

wheat produced is used for human consumption in various forms, such as bread, cookies, and 

pasta. The remaining 10% of the production is used in industrial applications, primarily in the 

production of gluten, starch, and other associated products or seeds for agricultural applications 

(Kuktaite and Ravel 2020). 

Since its domestication in Turkey, within the northern and southern Fertile Crescent, about 

10,000 years ago (Lev-Mirom and Distelfeld 2023), wheat has undergone progressive adaptations. 

Early traits in the evolution of bread wheat were the selection of lines with brittle rachis, tenacious 

glume, non-shattering seed, and increases in grain size and germination (Eckardt 2010). The 

introduction of semi-dwarfing genes during the ‘Green Revolution’ contributed to substantial 

increases in yield. Dwarf cultivars could withstand higher fertilizer rates without displaying 

substantial lodging. However, these early cultivars were highly susceptible to diseases, so varieties 

harboring improved resistance to rust diseases, early flowering, and early maturing were also 

developed (Borlaug 1968; Singh and McIntosh 1984). By the late 1960s, breeding goals shifted 

toward drought resistance, while baking quality assessments became more common in irrigated 

trials (Royo and Briceño-Félix 2011). Subsequent efforts led to improved levels of zinc and protein 

content, along with enhanced tolerance to biotic and abiotic stresses (Gohar et al. 2022). Modern 

crop breeding involving targeted crossing and selection focuses on the development of elite 

cultivars. Recent advances in genetic engineering have further expanded breeding possibilities, as 
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seen with Argentina's approval of HB4 drought-tolerant transgenic wheat in 2020, marking the 

first genetically engineered wheat for commercial use (Sheridan 2021). Advancements in genetic 

engineering will further enable the application of novel approaches for improving wheat resistance 

to fungal diseases, such as stripe rust caused by Puccinia striiformis (Bettgenhaeuser et al. 2021). 

Furthermore, as breeding programs transition from single trait to multiple trait selection, breeders 

will face logistical and labor-related challenges, along with rising research costs. These factors call 

for advanced methods to analyze datasets and deliver timely cultivar recommendations. 

Globally, wheat production is facing several challenges. More extreme climatic events in 

established production areas (Obembe et al. 2021) and the emergence of damaging diseases and 

pests (Juroszek and von Tiedemann 2013) are all contributing factors leading to grain shortages 

and surges in grain prices. Further unexpected disruptions in global cereal supply occurred after 

Russian troops invaded Ukraine in 2022, one of the major wheat producers and exporters globally. 

Delays in planting and harvesting, massive abandonment of fields, and structural damage to 

storage facilities and infrastructure led to important ramifications in the global wheat market. As 

a result, commodity prices escalated by 19.7% in March of 2022 (Bentley et al. 2022; FAOSTAT 

2023). Given the interconnected nature of contemporary agricultural systems, permanent effects 

are expected from this shock. Such an impact is more consequential in lower- and middle-income 

countries, where cultural and technological barriers limit yield improvements, and cereal crops 

provide over half of dietary energy (World Health Organization 2003). Further disruptions on 

Russian and Ukrainian wheat exports can severely destabilize food security in sub-Saharan 

African, Middle Eastern, and South Asian countries (Laborde and Piñeiro 2023). 

The challenge facing global agriculture is to increase crop production while simultaneously 

reducing the carbon footprint and reliance on fossil fuels, water, and chemicals. Despite the 

doubling of cereal production between 1960 and 2000, yields have plateaued over the last two 

decades (Grassini et al. 2013; Ray et al. 2012). In addition to decelerating yield growth rates, there 

is a growing body of evidence indicating increased yield variability for cereal crops, particularly 

wheat (Hadasch et al. 2020; Schauberger et al. 2018). Much of this increased variability in yield 

is due to the variable occurrence of plant diseases. As with the global human pandemic threatening 

the health of millions on our planet, epidemics of plant diseases reduce the quality and quantity of 

foods, putting at risk food supplies and exacerbating food insecurity (Ristaino et al. 2021).  
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1.2. Diseases of wheat 

“Nature does nothing in vain.” ― Aristotle 

Aside from abiotic factors, plant diseases are the primary causes of crop losses (Oerke 

2006). A diverse group of microorganisms, including fungi, oomycetes, bacteria, mollicutes, 

viruses, viroid, and nematodes, can infect plants, resulting in a range of symptoms varying from 

minor cosmetic issues to major food contamination and acute poisoning from mycotoxins (Agrios 

2005). On average, diseases and pests cause the loss of about 20% of global wheat production 

annually (Savary et al. 2019). Furthermore, the cost of managing plant diseases reduces farmers' 

profits and imposes an economic burden on society as a whole (Madden and Paul 2009).  

Many plant disease epidemics have shaped humankind throughout history. An example is 

stem rust (causal agent P. graminis f. sp. tritici ) of wheat, a malady that has been an ongoing 

problem dating back to Aristotle’s time (384 BC – 322 BC) (Borkar 2017). The complete 

devastation of crops by this disease in the mid-twentieth century spurred efforts to breed disease-

resistant wheat varieties (Stokstad 2007). It was not until the 1990s and 2000s that the highly 

virulent race, Ug99, re-emerged as a potential threat to wheat production. This lineage is now 

widespread in the Great Rift Valley and African highlands, as well as Egypt, Zimbabwe, South 

Africa, Sudan, Yemen, Iran, and Iraq (Rust Tracker 2021). New diseases and more aggressive 

strains likely to threaten wheat are emerging and being rapidly disseminated as a consequence of 

globalization. A recent example is the wheat blast disease, caused by Magnaporthe grisea 

pathotype Triticum. The disease, first reported in Brazil in 1985, is now found in Africa and Asia 

(Singh et al. 2021). Establishing effective phytosanitary barriers is therefore critical for 

strengthening local food systems and delaying the introduction of pathogens into production areas.  

In the U.S., wheat diseases of primary importance include the rust triad: leaf, stem, and 

stripe rusts, caused by basidiomycete fungi from the genus Puccinia, namely P. graminis f. sp. 

tritici , P. striiformis f. sp. tritici , and P. triticina, respectively, Fusarium head blight (or wheat 

scab) caused primarily by the ascomycete fungus Fusarium graminearum, and powdery mildew, 

caused by Blumeria graminis f. sp. tritici  (Figueroa et al. 2018; Singh et al. 2023). Diseases of 

regional importance include bacterial leaf streak, bunt diseases, Cephalosporium stripe, Fusarium 

crown rot, eyespot, Pythium root rot, snow mold, and take-all diseases (Hamada et al. 2011; Reeves 

et al. 2021; Singh et al. 2023). Viral diseases such as barley yellow dwarf virus, wheat streak 
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mosaic virus, and wheat spindle streak mosaic virus have also been reported in the Great Plains 

and other wheat-producing areas (Burrows et al. 2016; Hollandbeck et al. 2021).  

In addition to the above plant diseases, there are important leaf-spotting diseases that affect 

wheat in the U.S. These include Septoria tritici blotch (STB), Stagonospora nodorum blotch 

(SNB), and tan spot (TAN) caused by ascomycete fungi Septoria tritici, Parastagonospora 

nodorum, and Pyrenophora tritici-repentis, respectively. Field diagnosis based on symptomology 

is not straightforward as these diseases, especially SNB and STB, cause similar foliar symptoms. 

Noteworthy, in regions where pathogens co-occur, it is common to refer to these diseases as the 

leaf blotch complex (LBC). This complex occurs in most of the U.S., except on the Atlantic coast, 

where P. nodorum is the predominant leaf blotch pathogen of wheat (Cowger and Silva-Rojas 

2006), making this region ideal for germplasm resistance evaluation and epidemiological studies 

(Cowger et al. 2020).  

 

1.3. Stagonospora nodorum blotch of wheat 

“Nothing has such power to broaden the mind as the ability to investigate systematically and truly 

all that comes under thy observation in life.” ― Marcus Aurelius 

Stagonospora nodorum blotch (SNB), caused by the necrotrophic fungal pathogen 

Parastagonospora nodorum (Berk.) Quaedvlieg, Verkley & Crous (syn. Phaeosphaeria nodorum, 

Septoria nodorum, Stagonospora nodorum, Leptosphaeria nodorum, or Depazea nodorum) 

(Berkeley 1845; Quaedvlieg et al. 2013) is a disease with a worldwide distribution that results in 

recurrent yield losses in areas with high or periodically high precipitation. Since the pathogen was 

first described in 1845 (Berkeley 1845), SNB epidemics leading to losses amounting to >30% have 

been documented in the Eastern and Pacific Northwest of the U.S., Western Australia, and some 

parts of Europe (Murray and Brennan 2009; Shipton et al. 1971). The disease is present in all 

wheat-producing regions globally, including many African countries, Australia, Canada, China, 

Central America, Denmark, Japan, Italy, Mexico, New Zealand, Pakistan, Russia, Spain, Portugal, 

the United Kingdom, South America, and the U.S. (CABI 2022). Moreover, the disease has 

recently emerged as a significant threat to food security in India (Katoch et al. 2019).  

Infections due to P. nodorum occur on all aboveground plant parts, from the seedling stage 

through plant maturity. Foliar symptoms consist of small chocolate-colored lesions that coalesce 

into larger elliptical and oval-shaped blotches (Mehra et al. 2019). As symptoms mature, necrotic 
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tissue becomes brown or grayish brown with orange-colored halo incited by diffusible toxins 

produced by the pathogen (Solomon et al. 2006). Infection of wheat heads by P. nodorum occurs 

as dark brown-purple blotches on the glumes and awns. Distinct host genetic mechanisms regulate 

foliar and glume resistance to SNB (Francki et al. 2021), but the intensity of leaf and head 

infections appears to be correlated (Aguilar et al. 2005).  

 

1.3.1. Taxonomy of Parastagnospora nodorum 

“Look deep into nature, and then you will understand everything better.” ― Albert Einstein 

Parastagnospora nodorum has undergone several nomenclature revisions since its first 

description by Berkeley (1845). Initially, the fungus was named Depazea nodorum (Berkeley 

1845) but later moved to the Septoria genus based on morphological characteristics. Castellani 

and Germano (1977) proposed Stagonospora nodorum as the correct designation for the conidial 

form, rather than Septoria nodorum. Since then, a concise summary of the taxonomy information 

of P. nodorum has been published by Cunfer (1997) and Cunfer and Ueng (1999). Recent 

nomenclature revision proposed the anamorph phase as Parastagnospora nodorum (Quaedvlieg 

et al. 2013). The fungus is currently placed in the phylum Ascomycota, class Dothideomycetes, 

order Pleosporales, and genus Phaeosphaeria (CABI 2022).  

 

1.3.2. Life cycle of Parastagnospora nodorum 

“Biology is the study of complicated things that give the appearance of having been designed for 

a purpose.” ― R. Dawkins 

The inoculum of P. nodorum spreads via seeds, airborne ascospores, and splash-dispersed 

conidia from wheat stubble. Seed transmission occurs when mycelium infects the embryo and 

cotyledon, causing germination issues, seedling infections, and reduced tiller production (Shipton 

et al. 1971). Wet conditions at heading increase seed infection risk, especially in short-stature 

cultivars (Czembor et al. 2019; Scott et al. 1982). Notably, the discontinuation of using successive 

generations of untreated, farm-saved seed for planting has limited the role of seed transmission in 

SNB epidemics. Before this change, the incidence of seed infection ranged from 20-60% in 

certified seed lots (Cockerell and Rennie 1996; Shah et al. 2000). Another source of primary 

inoculum is ascospores produced in pseudothecia. These sexual spores are dispersed aerially over 

long distances during autumn and winter and serve as a propagule for initial infections in 
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neighboring fields (Eyal 1987). Ascospore release is favored by temperatures around 13°C, 

precipitation above 1 mm, and high humidity (>85%) (Arseniuk et al. 1998). Rapilly et al. (1973) 

observed that ascospore release coincided with rain events and persisted for 6 to 10 hours after 

precipitation events. Alternate forms of moisture such as mist and dew can also trigger ascospore 

dispersal (Sanderson and Hampton 1978). 

During the asexual phase, pycnidia in mature lesions produce pycniospores, leading to 

secondary and local infections. Pycniospores are extruded in a protective gel composed of proteins 

and carbohydrates that shield the spores from dehydration. Germination occurs between 5°C and 

37°C, with an optimal range of 20–24°C (Da Luz and Bergstrom 1986; Rapilly 1974). Moisture is 

important at all stages of the infection cycle (Eyal 1987; Scharen 1966). Rain splash is essential 

for moving pycniospores from infected basal foliage or wheat residue to upper leaves (Royle 

1994). Griffiths and Ao (1976) recorded P. nodorum spores released on all days when rain was 

falling. Scharen (1966) showed that cycles of drying and wetting provide conditions for older 

pycnidia fruiting bodies to be replenished with new spores. More studies are needed to explain 

how this phenomenon contributes to the risk of epidemics in the field. Leaves with 5% to 15% 

disease severity can produce about 1 × 105 to 1 × 106 conidia during the infectious period (Leonard 

1988). The latent period, which is the time from inoculation to pycnidia formation, ranges from 13 

to 34 days (Zearfoss et al. 2011) and is influenced by leaf wetness (Shearer and Zadoks 1974) and 

wheat growth stage, with susceptibility increasing as the plant matures (Leonard 1988). Zearfoss 

et al. (2011) suggested that thermal time required for completion of the latent period of SNB was 

384.6 degree days. Adhikari et al. (2023b) observed relative humidity played a larger role in lesion 

growth rate under higher daily air temperatures of 16 to 26°C compared to 11 to 15°C. Moreover, 

there is also some evidence showing that SNB occurrence is correlated to soil phosphorus (Cunfer 

et al. 1980), but it is unclear whether this is a direct effect of phosphorus application or a bi-product 

of conducive microclimate in dense plant canopy or lodging (Leath et al. 1993).  

Epidemics of SNB can be aggressive, going from light infections on basal leaves to nearly 

complete blighting of foliage in 30 to 50 days (Shanner and Buechley 1995). SNB is most harmful 

when infections take place during tillering and early stem elongation stages, as the reduction in 

photosynthetically active leaf area leads to significant decreases in grain filling. This results in 

secondary effects like shriveled grains and lower thousand-kernel weight (Ficke et al. 2018). 
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1.3.3. Management of Stagonospora nodorum blotch 

“There remain many important problems to be solved, and there is much to be learned about even 

the best-known diseases. May the oncoming years be fruitful ones and each one of you have some 

share in the joy of the harvest!” ― E. F. Smith 

SNB is managed with the use of seed treatment (Sundin et al. 1999), moderately resistant 

cultivars (Shankar et al. 2021), crop rotation (Krupinsky et al. 2007), residue management (Mehra 

et al. 2015), and the application of foliar fungicides between flag leaf emergence and the boot stage 

(Bhathal et al. 2003; Willyerd et al. 2015). Historically, systemic fungicides such as carboxin and 

thiabendazole were commonly used to inactivate mycelium in seeds and protect seedlings from 

infection but these chemistries have been replaced now by more efficacious compounds (Ayesha 

et al. 2021). Noteworthy, the efficacy of seed treatments is maximized when used in combination 

with other management tactics. Luke et al. (1983) showed that the seed treatment was most 

effective when no crop debris remained in the field, as a result of a 2-year crop rotation scheme. 

In contrast, higher disease levels were observed when rotation was absent or when only one year 

elapsed between wheat crops, regardless of seed treatment use (Luke et al. 1983).  

Since the introduction of operationally simple no-tillage planting systems in the 1980s, 

southern wheat producers implemented soil-conservation practices that led to higher amounts of 

plant debris on the soil surface. Although beneficial from an agronomic and environmental 

standpoint, this practice allows inoculum in debris to reinfect emerging seedlings and basal wheat 

leaves successfully. New lesions then produce large amounts of pycnidiospores, which are then 

dispersed through rain-splash for secondary infection. Milus and Chalkley (1997) found that 

continuous wheat planting led to higher SNB intensities. Mehra et al. (2015) showed that adding 

infected wheat straw to the soil surface enhanced SNB foliar severity, with a rapid increase in 

disease severity when 20 to 30% of the soil surface was covered with residue. A handful of other 

studies substantiate the evidence for the contribution of wheat residue in epidemics of SNB and 

highlight the importance of integrating management practices in fields where wheat is 

continuously grown, and tillage is discouraged (Krupinsky et al. 2007). 

Planting disease-resistant cultivars provides a cost-effective and environmentally friendly 

approach for managing SNB in wheat. Breeding resistant cultivars involves understanding the 

genetic basis of host resistance, which is mainly polygenic, although some single genes have been 

identified in specific Triticum accessions (Ma and Hughes 1995; Murphy et al. 2000). Polygenic 
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resistance is advantageous for disease durability and specificity (Lindhout 2002; Parlevliet 2002). 

However, this resistance mechanism can be influenced by varying environmental conditions across 

the landscape, leading to inconsistent disease responses for the same genotype planted in two 

different environments. Such a source of variability complicates the deployment of adapted wheat 

lines for commercial use. Cultivar instability and unexpected disease outbreaks highlight the 

importance of investigating genotype-by-environment (GEI) interactions for SNB (Francki et al. 

2020; Mandal et al. 2024). 

Foliar fungicides are the primary option for managing SNB during the growing season. 

Murray and Brennan (2009) estimated that fungicides contributed about one-third to overall SNB 

management in Australia from 1998 to 2008. Fungicide applications are typically based on crop 

growth stage, market conditions, and disease thresholds. In the early 2000s, a single application of 

triazole fungicides, such as tebuconazole, at the flag leaf emergence stage was standard practice. 

Recently, other fungicides, including propiconazole, prothioconazole (DMIs), azoxystrobin 

(QoIs), and bixafen (SDHIs), have been labeled for SNB control in the U.S. However, due to the 

variable nature of SNB epidemics, widespread chemical interventions may not always be 

necessary. Despite this, prophylactic fungicide use remains common in high-input production 

systems or when grain prices are high, leading to suboptimal fungicide use and the emergence of 

fungicide-resistant P. nodorum populations (Kaur and Mehl 2021; White et al. 2023). An equally 

undesirable scenario is when fungicides are needed but not applied and severe yield losses result 

as a consequence. Considering these challenges, wheat farmers require tools to help determine 

whether and when to apply fungicides. 

 

1.4. Rationale and justification 

“A society grows great when old men plant trees in whose shade they shall never sit.” ― Greek 

Proverb 

SNB risk assessment models and decision support systems (DSSs) provide a framework 

for improving pesticide use and the resilience of agricultural systems. These tools can significantly 

reduce fungicide applications without compromising crop yields (Lázaro et al. 2021) or causing 

environmental harm (Esker and Nutter 2002; Ojiambo and Kang 2013; Paul and Munkvold 2004). 

Hereafter, we focus on reviewing some modeling efforts for the leaf spot complex of wheat, more 

specifically SNB, STB, and TAR, which are collectively known as LBC. Despite morphological 
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and genetic differences between causal agents, histological studies have shown that many 

processes, including infection, colonization, and sporulation, exhibit remarkable similarities 

(Scharen 1999), pinpointing concepts that can be jointly explored from modeling purposes. 

Over the past 60 years, numerous correlative and mechanistic models, along with DSSs, 

have been developed to predict LBC severity and schedule fungicide applications in wheat 

production globally (González-Domínguez et al. 2023). These models commonly use 

meteorological variables such as temperature, humidity, and precipitation since these factors drive 

plant disease epidemics (Agrios 2005). For example, te Beest et al. (2009) developed an early 

warning model for STB in England that used accumulated precipitation > 3 mm during the 80 days 

leading up to growth stage (GS) 31 (Zadoks et al. 1974) and the accumulation of minimum 

temperatures with a base of 0°C over 50 days, starting 120 days before GS31 as predictors. In 

Denmark, Hansen et al. (1994) developed a model to estimate the risk of LBC development in 

winter wheat based on 10 years of field data. The model considers the number of days with > 1 

mm precipitation, accumulated between GS 32 and 30 days later as the main risk indicator. A 

higher infection risk was observed when the predictor reached 8 and 9 days for susceptible and 

resistant varieties, respectively (Hansen et al. 1994). Fungicide treatment was recommended in 

susceptible and resistant varieties if the predictor exceeded 7 and 8 days, respectively. 

Subsequently, this model was adapted for spring wheat in Norway (Elen 2007) and since then, it 

has been available to farmers and agricultural extension services through the VIPS–DSS 

(https://www.vips-landbruk.no/). To update management guidelines for Norwegian wheat farmers, 

Hjelkrem et al. (2021) developed models to predict moderate to high LBC severity (≥ 5%) during 

key phenological stages. They employed categorical and regression tree (CART) and K-nearest 

neighbor (KNN) models using weather data, cultivar resistance, and crop rotation. Significant 

correlations between LBC severity and rainy periods (occurrence of ≥ 8 consecutive hours with 

precipitation > 0.2 mm) at the GS 30 to GS 40 stages were observed. Relative humidity during 

stem elongation, booting, and heading was also positively associated with LBC severity, as were 

large daily temperature fluctuations (Ὕ Ὕ ) during booting. The highest accuracy (83%) 

and specificity (74%) were observed for the KNN1 model, while sensitivity was highest for the 

CART model, although the latter tended to overestimate disease infection (Hjelkrem et al. 2021). 

Nevertheless, the proposed model by Hjelkrem et al. (2021) outperformed the existing VIPS 2001 

(Elen 2007) and Hansen models (Hansen et al. 1994) and is promising to improve LBC 

https://www.vips-landbruk.no/
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management in the region. In Luxembourg, Beyer et al. (2022a) developed a model for STB using 

data from 52 field trials conducted from 2005 to 2016. The model classified epidemics based on 

control thresholds and relationships between rainfall, temperature, and cultivar susceptibility. The 

highest frequency of hours with rain (≥ 0.1 mm/h) was observed at about 300 hours before disease 

outbreaks at about 13°C and about 475 hours at about 7.5°C (Beyer et al. 2022a). This research 

led to the development of ShIFT (https://shift.list.lu/), a DSS for fungicide applications that closely 

matched regional spraying practices (1.4 sprays by ShIFT compared to 1.6 sprays in standard 

practice) while potentially offering more tailored recommendations compared to standard 

calendar-based approaches (Beyer et al. 2022b). Many other public and proprietary risk models 

and DSSs have been developed in Europe (Axelsen et al. 2020), where annual yield losses due to 

LBC can reach €720–1440 million (Fones and Gurr 2015). Continued research globally aims to 

increase the accessibility of these tools, enhancing the decision-making capabilities of farmers and 

stakeholders, thereby improving sustainability and profitability of wheat production. 

Similar efforts in North Carolina led to the development of two models for SNB risk 

assessment. The first is a putatively agronomic model that relates pre-planting factors (such as 

cultivar resistance, location, previous crop, seeding rate, seed treatment, tillage type, and wheat 

residue) to final SNB severity (Mehra et al. 2016). Four parametric and non-parametric approaches 

(multiple regression, artificial neural networks, CART, and random forests) were tested, with 

random forests achieving a 93% accuracy rate, making it useful for SNB pre-planting decisions 

(Mehra et al. 2016). The second model is a binary logistic model that combines pre-planting and 

weather factors (cumulative daily infection values) to classify SNB epidemics as early or late, 

based on reaching 50% disease incidence by day 102 of the year (Mehra et al. 2017). Unlike the 

first model, it incorporates weather data, a key factor in P. nodorum biology. However, using 

latitude and longitude as proxies for disease favorability may not accurately capture the spatial 

variability of SNB (Campbell and Noe 1985). Moreover, model validation showed low specificity 

using samples of an independent 2-year study (Adhikari et al. 2023a). Tactically, the second model 

predicts the timing of disease onset (early or late) rather than final severity, which is a better 

surrogate of yield losses (King et al. 1983). However, the timing of initial infections remains 

critical, as early epidemics are more likely to cause severe damage compared to later ones, 

especially under favorable weather conditions. 

https://shift.list.lu/
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DSSs deliver data-driven insights into disease risk, enabling more precise fungicide 

interventions. These systems not only offer immediate cost savings but also reduce operational 

expenses and help mitigate the threat of fungicide resistance, preserving the efficacy of crop 

protection products available to farmers. As environmental and public health concerns over 

fungicide use in agriculture continue to grow (Schebesta and Candel 2020), predictive tools for 

SNB management could greatly enhance the resilience and sustainability of wheat production. 

 

1.5. Objectives 

Based on the above considerations, the specific objectives of this dissertation are to: 

i. Evaluate the performance and stability of commercial wheat cultivars to SNB on 

multi-environmental trials (Chapter 2). 

ii. Identify weather variables associated with SNB dynamics (Chapter 3). 

iii. Model the risk for SNB epidemics in winter wheat using a Bayesian hierarchical 

approach (Chapter 4). 

iv. Develop and validate a web-based tool called MSE FINDR to improve the 

robustness of findings of research synthesis methods (Chapter 5).  
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CHAPTER 2 

Performance and Stability Analysis of Winter Wheat Cultivars to 

Stagonospora Nodorum Blotch Epidemics in Multi-environment Trials 
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2.1. Abstract 

Developing disease-resistant cultivars is a key strategy for managing Stagonospora nodorum 

blotch (SNB) in wheat. However, genotype-by-environment interaction (GEI) complicates field 

resistance screening, as cultivars can respond differently across environments. Large GEI effects 

can also affect SNB risk modeling, especially when cultivar reactions (e.g., susceptible, 

moderately resistant) are used as predictors under the assumption that these traits are consistent 

across environments. Thus, this study investigated GEI effects on four epidemiological metrics 

(i.e., rAUDPS, SEV, T50, and ω) describing SNB epidemics across 18 soft red winter wheat 

cultivars planted in 18 environments in North Carolina. Linear mixed models with various 

variance-covariance structures were tested, with a third-order factor-analytic model providing the 

best fit across traits. Genetic and non-genetic parameters, including Type B genetic correlations 

(ὶǶ), broad-sense heritability (Ὄ ), overall cultivar performance (OP), and global stability (RMSD), 

were estimated using model outputs and the FAST method. Most environment pairs showed high 

ὶǶ values for rAUDPS, SEV, and T50, indicating agreement in cultivar rankings; however, some 

low ὶǶ values revealed rank instability and non-crossover GEI. Based on OP and RMSD, ‘USG 

3230’ emerged as the top-performing and most stable cultivar, while ‘TURBO’ and ‘SH7200’ 

were more unstable. Low Ὄ  for ω suggests that environmental factors are the primary drivers of 

its phenotypic variation. Consistent cultivar rankings across GEI scenarios support their use as 

broad indicators of host susceptibility in risk assessment models. However, large non-crossover 

GEI effects observed under specific conditions emphasize the need for refined statistical models 

with a GEI term to improve cultivar selection and the prediction of SNB epidemics. 

 

Keywords: Triticum aestivum, leaf and glume blotch, genotype-by-environment interaction, linear 

mixed models, factor analysis, susceptibility class 

 

2.2. Introduction 

Stagonospora nodorum blotch (SNB) is a leaf and glume disease of both common wheat 

(Triticum aestivum L.) and durum wheat (T. turgidum subsp. durum Desf.), caused by 

Parastagonospora nodorum (Quaedvlieg et al. 2013). Foliar symptoms begin as small, chocolate-

colored lesions that coalesce into larger, elliptical, and oval-shaped necrotic blotches. As lesions 

mature, an orange-colored halo appears around the lesions, induced by necrotrophic effectors 
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produced by the pathogen (Solomon et al. 2006). Losses in yield quantity and quality due to SNB 

occur through the loss of photosynthetic area and glume infections. Yield losses of up to 30% have 

been reported in Canada, Europe, U.S., and Western Australia (Murray and Brennan 2009; Shipton 

et al. 1971). However, severe SNB epidemics are often sporadic in wheat-producing regions. 

Environmental factors, such as extended rainfall, encourage spore discharge by pycnidia residing 

in wheat stubble (Djurle et al. 1996). Minimum or no-tillage practices, which leave crop residue 

on the soil, enhance the risk of SNB epidemics (Mehra et al. 2017; Mehra et al. 2015; Milus and 

Chalkley 1997). As a survival strategy, the fungus persists on infested seeds, wheat stubble, or 

pathogenically in volunteer wheat and secondary hosts. Management strategies involve a 

combination of practices, including the use of resistant lines, residue management, crop rotation, 

and fungicide applications. Prophylactic fungicide applications are not always recommended due 

to fluctuating SNB occurrence. Moreover, the emergence of P. nodorum quinone outside inhibitor-

insensitive populations in the U.S. (Kaur et al. 2021; White et al. 2023), emphasizes the necessity 

for an integrated disease management strategy, where host resistance is central. This is particularly 

relevant in the Southeastern U.S., where P. nodorum is the primary leaf blotch pathogen of wheat 

(Cowger et al. 2020) and soft red is the predominant wheat class cultivated, contributing 15–20% 

of the total U.S. wheat output (USDA-NASS 2023).  

Selection of SNB-resistant cultivars is challenging due to variations in phenotypic 

responses to changing environmental conditions. In wheat, resistance to P. nodorum is 

quantitative, governed by multiple genes with minor to moderate effects rather than a single R 

gene (Aguilar et al. 2005; Czembor et al. 2019). In such traits, allele segregation at multiple loci 

produces a range of phenotypes. Moreover, genes at these loci are sensitive to both pleiotropic 

effects and environmental conditions (Rivera-Burgos et al. 2022). Environmental factors, such as 

temperature, can modulate transcriptomic responses, affecting resistance gene expression and host 

susceptibility (Kim and Bockus 2003; Noel et al. 2024). The pathogen secretes necrotrophic 

effectors, such as SnTox1, SnToxA, SnTox267, SnTox3, and SnTox5 during the infection process, 

which interact with specific host sensitivity genes (Kariyawasam et al. 2023; Peters Haugrud et al. 

2022). Diversification of P. nodorum virulence factors results in differential expression of 

resistance mechanisms (Francki et al. 2020; Richards et al. 2019), highlighting the complex 

interplay of biotic and abiotic factors affecting SNB dynamics in the landscape. As a result, the 

same cultivar may respond differently across environments, a phenomenon known as genotype-
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by-environment interaction (GEI) effects. GEI complicates the breeding of SNB-resistant lines 

because cultivar performance is heavily dependent on environmental conditions, resulting in high 

instability when these conditions change (Cowger and Brown 2019; Mandal et al. 2024). GEI also 

adds complexity to risk assessment models (Lana et al. 2020), where cultivar reaction classes (e.g., 

susceptible, moderately resistant), while not entirely adequate, are often used as proxies for host 

susceptibility, based on the assumption of stability across environments. Therefore, understanding 

GEI is important for improving our knowledge of host and environmental components driving 

SNB epidemics. This insight can be used to support the development of resistant cultivars and 

refine risk assessment models. 

Unraveling GEI effects requires evaluation of wheat cultivars in multi-environment trials 

within a target region. Crossover GEI poses greater challenges for selection than non-crossover 

GEI (e.g., divergence and convergence) due to heightened sensitivity to environmental fluctuations 

affecting genotype rankings (Singh et al. 1999). As such, it is important that appropriate statistical 

methods be used to quantify GEI effects. Univariate methods, such as Finlay-Wilkinson (Finlay 

and Wilkinson 1963), Wricke’s ecovalence stability index (Wricke 1962) and Shukla’s stability 

variance (Shukla 1972), are common measures of stability that rely on specific stability metrics 

and linear regression techniques. However, these methods only characterize interaction effects on 

a single dimension. Multivariate analysis methods such as AMMI (Gauch 1988) and GGE biplots 

(Yan et al. 2000) offer a multidimensional approach but lack interpretability, especially in large 

datasets. In addition, these approaches model genotype and GEI effects as fixed- instead of 

random-effects, ignore variance heterogeneity between trials, and require balanced data. However, 

in practice, these conditions are rarely met. Given these complexities, extensions of the standard 

linear model are required.  

Linear mixed models provide a robust statistical framework to address the hierarchical 

structure, heterogeneity in residual variances, and data imbalance (Madden and Ojiambo 2024; 

Smith et al. 2005). In the context of plant breeding, environments are typically treated as a fixed-

effect, while plant genotypes are treated as a random-effect drawn from a population distribution, 

where the variance heterogeneity of cultivars across environments serves as a proxy of cultivar 

instability (de Leon et al. 2016). Linear mixed models accommodate various variance-covariance 

configurations, from moderately restrictive, such as the heterogeneous compound symmetry 

variance-covariance, to more flexible structures considering genetic and residual heterogeneity 
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across environments (Malosetti et al. 2013). Among these, the parsimonious multiplicative factor-

analytic (FA) variance-covariance model is favored (Piepho 1997; Smith et al. 2001; Smith and 

Cullis 2018). In the FA model, GEI effects are decomposed into environmental loadings (‗) and 

genotypic scores (‟) of the first and subsequent k–orders (hence FAk), along with the order-specific 

residual variance (‪) (Smith et al. 2001). FAk models have been extensively used in plant breeding 

(Chaves et al. 2023; Tolhurst et al. 2019) but to a lesser extent in plant pathology (Lana et al. 2020; 

Rognoni et al. 2024; Thompson et al. 2020), possibly because cultivar performance and stability 

analyses have primarily focused on grain yield and other agronomic traits. As interest in 

understanding GEI effects for quantitative disease traits increases, FAk models can become more 

important in genotype resistance screening. However, FAk models lack the straightforward 

interpretability needed for cultivar recommendation. Thus, Smith and Cullis (2018) proposed the 

factor-analytic selection tool (FAST) method, which utilizes the fitted values for the first factor of 

FAk models as a base for the overall performance (OP) of the cultivar, while the remaining factors 

are used to calculate a global measure of stability, expressed as the root mean square deviation 

(RMSD). The FAST method aids in selecting disease-resistant cultivars by capturing the 

predominant non-crossover variation in the dominant factors, effectively representing quantitative 

disease resistance on a continuous scale (Rognoni et al. 2024; Smith et al. 2021).  

In this study, linear mixed models with different variance-covariance structures were used 

to examine the GEI effects on four epidemiological metrics characterizing epidemics of SNB in 

artificially infested field trials. We evaluated the overall performance and stability of commercial 

wheat cultivars using the FAST method (Smith and Cullis 2018). Additionally, we estimated Type 

B genetic correlations to visualize the global cultivar stability across environments and utilized 

latent regression plots (Cullis et al. 2014) to determine the responsiveness of four reference 

cultivars to the dominant latent environmental covariate. Finally, cultivars were ranked based on 

their environment-specific empirical best linear unbiased predictions of foliar severity, to evaluate 

the stability of reaction classes across different GEI scenarios. 

 

2.3. Material and Methods 

2.3.1. Plant material and experimental design. A total of 18 commercial soft red winter wheat 

cultivars (Table 2.S1) with varying levels of resistance to SNB were evaluated across 18 

environments during the 2021-2022, 2022-2023, and 2023-2024 growing seasons (termed as 2022, 
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2023, and 2024) in North Carolina, with each environment representing a single year × location 

combination (Fig. 2.1). These locations encompass diverse soil, climate, and crop production 

conditions across major wheat-producing counties in the Mid-Atlantic Coastal Plain, Southeastern 

Plains, and Piedmont regions (Table 2.1).  

Experiments were laid out in a randomized complete block design with two replicates. 

Certified fungicide-treated wheat seeds were sown using a Wintersteiger cone plot planter 

(Wintersteiger, Salt Lake, UT) at a seeding rate of 120 seeds/m into 1.5 m (7 rows spaced at 20 

cm) × 6 m field plots, between mid-October and mid-November of each year. Not all cultivars 

were evaluated in every environment due to either discontinued seed production or the loss of 

some experimental units. Late-season management of yellow rust was performed with a single 

foliar application of fluxapyroxad at 48.2 g ha–1 + pyraclostrobin at 97.5 g ha–1 (Priaxor; BASF 

Corporation Research Triangle Park, NC) or metconazole at 66.1 g ha–1 (Caramba; BASF 

Corporation Research Triangle Park, NC), applied at Zadoks growth stage (GS) 70–75 (Zadoks et 

al. 1974). Fungicide application was carried out in only four environments and no further disease 

evaluations were conducted in fields following application (Table 2.1). All field crop management 

practices (fertilizer application and weed control) followed standard practices for wheat production 

in North Carolina (Post and Heiniger 2021).  

2.3.2. Disease initiation and data collection. Field trials were artificially infested with P. 

nodorum-infested wheat straw, as proposed by Cowger and Murphy (2007). Straw was evenly 

distributed across plots between early to mid-February each year, coinciding with GS 25–29 and 

aimed at 20% soil coverage (Mehra et al. 2015). The straw originated from different sources in the 

state, including commercial production fields in Harneet and Person counties in 2022, 2023, and 

2024, and from the USDA Eastern SNB nursery in 2022. No foliar fungicide was sprayed on fields 

from which the straw originated, to broadly represent naturally occurring populations of P. 

nodorum in North Carolina. Barley, a non-host of P. nodorum, was planted as a buffer crop in the 

alleys to minimize plot interference.  

Disease incidence, measured as the percentage of infected plants, was visually assessed in 

five pairs of wheat tillers tagged arbitrarily within each plot in February of each year, before SNB 

onset. Disease severity was estimated on a whole-plot basis by visually assessing the proportion 

of leaf area with SNB symptoms relative to the leaf area for the entire plot (Eyal 1987). In total, 
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three-to-six disease assessments were performed throughout the growing season at biweekly 

intervals, between March and May of each year.  

2.3.3. Response variables. Four epidemiological metrics broadly describing the progression and 

occurrence of SNB were constructed to assess the performance and stability of cultivars: (i) the 

relative area under disease progress stairs (rAUDPS), (ii) the final percent diseased leaf area 

recorded at Zadoks growth stage 75–80 (SEV), (iii) time to 50% disease incidence (T50), and (iv) 

the weighted mean absolute rate of disease increase (ω). The metric AUDPS, a measure of disease 

severity over the entire epidemic duration, was computed for each experimental unit as described 

by Simko and Piepho (2012) using the R package agricolae (Mendiburu and Yaseen 2020). Values 

of AUDPS for epidemics with varying sampling assessments cannot be compared directly and 

thus, the relative AUDPS (rAUDPS) was calculated using the equation:  

 Ò!5$03 , (2.1) 

where s is the number of disease severity assessments. Additionally, ω and T50 were obtained as 

described below. First, three population growth models (monomolecular, logistic, and Gompertz) 

in their non-linear forms were fitted on disease incidence data at the plot-level as described by 

Madden et al. (2017): 

 ώ ρ ρ ώ Ὡz , (2.2a) 

 
ώ  ρ Ὡz  , (2.2b) 

and,  

 ώ ώ Ὡz , (2.2c) 

where ώ is the initial incidence level, ώ is the incidence at time ὸ, and ὶ, ὶ, and ὶ are the rate 

of disease increase for monomolecular, logistic, and Gompertz models, respectively. In these 

models, the Julian day of the year (DOY) served as independent variable and incidence as 

dependent variable. Models were fitted with Levenberg-Marquardt nonlinear least-squares 

algorithm using the R package minpack.lm (Elzhov et al. 2023). Model adequacy was determined 

by the root mean square error estimated with the R package metrica (Correndo et al. 2022). The 

estimated parameters of the best-fitting model (i.e., ώ, ὶɆ) were used to calculate T50 at the plot-
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level, using a fixed incidence rate of ώ = 0.5 and the inverse functions of the respective selected 

population growth model. Further, to directly compare rates of disease increase, ω was estimated 

using the formula:  

 ʖ  Ɇ ρzπ, (2.3) 

where ὶɆ represents ὶ, ὶ, or ὶ, and – is set to 0, 1, and 2 if best-fitting model is monomolecular 

(Eq. 2.2a), and logistic (Eq. 2.2b), and Gompertz (Eq. 2.2c), respectively (Madden et al. 2017). 

2.3.4. Analysis of genotype-environment-interaction. Restricted maximum likelihood based 

linear mixed models were used to estimate variance components and empirical best linear unbiased 

predictions (EBLUP) (Henderson 1975) for the response variables described above. The general 

univariate linear mixed model used to evaluate the nth observation of the i th cultivar allocated in 

the j th environment within the bth block is provided by the formula:  

 ώ ‘  ἦ‍  ἦ‍  ἨὫ  Ὡ, (2.4) 

where ώ    is the vector of responses, ‘ is the overall mean, ‍
  

 is the vector of fixed 

environment effect with design matrix ἦ
  

, ‍
  

 is the vector of fixed block effects within 

environments with design matrix ἦ
  

, Ὣ    is the vector of random cultivar effects within 

environments with design matrix Ἠ    and Ὣ ͯ-6.πȟἑṧἓ , and Ὡ    represents the 

vector of residual errors with Ὡ ͯ-6.πȟἠṧἓ . ἑ and ἠ are variance-covariances matrices for 

cultivar and residual effects, respectively, and ἓ and ἓ are corresponding identity matrices. The 

symbol ṧ refers to the Kronecker product. 

Different variance-covariance structures were evaluated in the modelling of the ἠ and ἑ 

components. For ἠ, we considered the independent and identically distributed (IDV) and block 

diagonal (IDH) variance forms. The first assumes homogeneous residual variance, whereas the 

second assumes heterogeneous residual variances across environments. Both assume no 

covariance among environments. The ἑ structure was modeled using the compound symmetry 

(CS), heterogeneous (CSH), and factor-analytic (FAk) variance-covariance structures. 

The FAk models regress genotype and GEI effects on latent environmental loadings (‗), 

with each cultivar having a distinct slope (score; ‟Ƕ) but shares a common intercept, as long as the 
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main effects of genotypes are not separated from GEI. Following Smith et al. (2001), the 

mathematical form of an FAk structure can be written as:  

 ἑ  ṧἓ, (2.5) 

where    is the matrix of estimated loadings (‗) and    is the estimated diagonal matrix 

of environment-specific variances. For instance, assuming j = 18 as in this study, the matrix form 

for an FA1 model can be expanded as: 

 

ἢ  ṧἓ

ụ
Ụ
Ụ
Ụ
ợ
‗ ‪ ‗ ‗ Ễ ‗ ‗

‗ ‗ ‗ ‪ Ễ ể

ể Ễ Ệ ể
‗ ‗ Ễ Ễ ‗ ‪ Ứ

ủ
ủ
ủ
Ủ

ṧἓ, (2.6) 

where ‗  represents the estimated variance explained by the first-factor environmental loading at 

environment 1, ‪  is the estimated residual at environment 1, and off-diagonals represent 

correlations. ‪ is the specific variance not explained by ‗. More information about the FAk models 

can be found in Smith et al. (2001) and Cullis et al. (2014). In total, FAk models of order 1 through 

3 (FA1, FA2, FA3), as well as CS and CSH variance–covariance structures were used to model ἑ. 

For FAk, the SVD method was used to rotate ‗ and ‟Ƕ (Smith and Cullis 2018). 

Model selection was based on log likelihood (LogL), Akaike Information Criterion (AIC) 

(Akaike 1974), and overall standard error of differences between pairs of predictions for cultivars 

(ὛὉὈ) (Shalizi and Isik 2019). An auxiliary parameter, the overall percentage of genetic variance 

(‡Ӷ) accounted by each k factor, was also considered in FAk model selection, calculated as:  

 ‡Ӷ
 

ρzππ, (2.7) 

where ὸὶ is the trace of the matrix (Cullis et al. 2014).  

2.3.5. Estimation of genetic and non-genetic parameters. The best-fitting FAk model was used 

to report genetic and non-genetic parameters, estimate linear combinations of variance 

components, and explore GEI interaction results. Type B genetic correlations (ὶǶ) between pairs 

of environments were estimated for each epidemiological trait, as described by Cullis et al. (2014): 
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 ὶǶ  
В

В  В  
. (2.8) 

Type B genetic correlations refer to correspondence in performance of cultivar means at different 

environments with a value bounded between -1 ≤ ὶǶ ≤ 1. Positive ὶǶ values indicate consistent 

ranking of cultivars between paired environments, hence low GEI, while negative correlations 

indicate crossover GEI.  

Generalized heritabilities for each environment (Ὄ ), broad-sense heritability (Ὄ ), and 

heritability of cultivar means (Ὄ ) were estimated using the derivation of equations from Cullis et 

al. (2006) and Isik et al. (2017) as: 

 Ὄ ρ
 
, (2.9a) 

 Ὄ
ǶӶ 

  
, (2.9b) 

and, 

 Ὄ
ǶӶ

  
 

   В

, (2.9c) 

where ὠῳ is the mean pairwise prediction error variance, „  is estimated variance due to cultivar 

effect at environment j, ὶǶӶ is the estimated average genetic correlation across all pairs of sites, „  

is the estimated variance due to cultivar effect averaged across all environments, and „  is the 

error variance averaged across all environments. The experimental coefficient of variation (ὅὠ), 

as a measure of experimental precision, was given by: 

 

ὅὠ , (2.10) 

where „  is the residual variance and ‘Ƕ is the phenotypic mean at environment j.  

2.3.6. FAST method, responsiveness, and reaction class ranking. FAk models exhibit higher 

predictive accuracy but lack a straightforward interpretability of results required for cultivar 

recommendation. As such, Smith and Cullis (2018) proposed metrics that utilize ‗ and ‟Ƕ outputs 
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from FAk models for cultivar performance and stability assessment. These metrics are: (i) the 

overall performance (OP) and (ii) root mean squared deviation (RMSD). Cultivar-specific OPi is 

estimated using the equation:  

 ὕὖ В ‗ ‟Ƕ, (2.11) 

where В ‗  gives the mean of the first-factor environmental loading and ‟Ƕ is the estimated 

rotated scores at the first factor. Further, the EBLUP effect of a cultivar i in environment j, 

excluding the lack of fit effect, is %",50 ‗‟Ƕ ‗‟Ƕ Ễ  ‗‟Ƕ, which is equivalent 

to %",50 ‗‟Ƕ ‐ . Thus, the cultivar-specific RMSDi is given by: 

 
ὙὓὛὈ В ‐ . (2.12) 

Both OP and RMSD are on the same scale as the data.  

The responsiveness of four reference cultivars to ‗, the dominant environmental loading, 

was assessed using latent regression plots (Cullis et al. 2014). Cultivar reaction classes (i.e., 

susceptible [S], moderately susceptible [MS], and moderately resistant [MR]) were generated by 

dividing the OP values of SEV into three equal subranges. Finally, cultivars were ranked using 

environment-specific EBLUPs, and the ranks were averaged across reaction classes. Average 

ranks were then visualized across different GEI scenarios, derived from the ἑ matrix, along with 

cultivar ranks displayed for each environment. 

2.3.7. Software and reproducibility. Statistical analyses were performed in R software (R Core 

Team (2024); version 4.2.4), using the statistical package ASReml-R (Butler (2022); version 

4.2.0.332) and in ASReml-SA (Gilmour et al. 2015). Data management and visualization were 

performed with the R package tidyverse (Wickham et al. 2019). Type B genetic correlation 

matrices were arranged by environments and were ordered based on hierarchical clustering of 

Euclidean distances, constructed using the dist and hclust functions in base R. Data and 

reproducible R scripts containing variance–covariance models for the R and G components can be 

found at the GitHub repository https://github.com/vcgarnica/SNB_stability. 

 

https://github.com/vcgarnica/SNB_stability
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2.4. Results 

2.4.1. Summary statistics across environments. Foliar symptoms of SNB were observed in all 

environments, with the highest (>20%) average SEV observed in SB23, AL24, and OX23 in the 

Piedmont region (Table 2.2). Average SEV in the rest of the environments was <15% except for 

LB24 (16.3%) and SB24 (15.9%). The environments with the lowest SEV averages were KS22 

(1.7%), PY22 (3.1%), and MR22 (3.7%), representing a variety of disease pressures investigated. 

The rAUDPS values generally followed a similar trend as SEV (Table 2.2). Disease onset, as 

estimated using the average T50, was earliest in AL24 (DOY 85) and SB23 (DOY 87) in the 

Piedmont region, followed by LB23 (DOY 89) in the Southeastern Plains. The disease onset was 

nearly 40 days later in MR22 (DOY 132) in Piedmont, followed by RW22 (DOY 122) and PY22 

(DOY 121) in the Southeastern and Mid-Atlantic Coastal Plains, respectively. In general, 

environments with lower T50 values had higher disease intensities (rAUDPS and SEV). Further, 

the highest and lowest average ω were observed at SB23 and MR22, respectively, both in Piedmont 

(Table 2.2). 

2.4.2. Model selection. Based on AIC, LogL, and ὛὉὈ criteria, the FAk models consistently 

outperformed other variance–covariance structures across all four epidemiological traits (Table 

2.3). Among the FAk, higher-order models, particularly the FA3–IDH, explained most of the 

variation within the data. For example, FA3–IDH model was the best-fitting model for rAUDPS, 

with the highest LogL (-264.2) and ‡Ӷ (79.6%) values, despite comparable ὛὉὈ for other FAk 

models. Similarly, for SEV, FA3–IDH showed the highest LogL (-740.0) and ‡Ӷ (77.3%), and 

lowest ὛὉὈ (0.5), making it the overall top-performing model. For T50, FA3–IDH also had the 

highest LogL (-1316.9) and ‡Ӷ (80.5%), making it the overall best fit. Further, for ω, FA3–IDH 

demonstrated the best fit with the highest LogL (801.47) and ‡Ӷ (80.6%), despite slightly lower ὛὉὈ 

value compared to FA1–IDH. Consequently, FA3–IDH was universally selected to estimate 

genetic and non-genetic parameters for subsequent data analysis.  

2.4.3. Rotated first-factor loadings. REML estimates of ‗ were all positive for all the 

epidemiological metrics examined, except for ω (Table 2.4). The ‗ of rAUDPS ranged from 0.05 

to 0.50 (mean = 0.21), explaining an average of 65.7% of the variance across environments, with 

the lowest explained variances at CL22, MR22, and RW22. Similarly, the ‗ of SEV ranged from 

0.04 to 0.50 (mean = 0.20) and accounted for over 50% of the variance in most environments, 
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averaging 63.2%, though CL22, MR22, and RW22 again showed lower explained variances. For 

T50, ‗ ranged from 0.07 to 0.54 (mean = 0.21) and explained over 50% of the variance in fewer 

environments, with a corresponding lower overall average of 57.2%. The ‗ for ω were mostly 

negative, ranging from -0.66 to 0.17 (mean = -0.13), explaining over 50% of the variance in only 

four sites and averaging 28.9% across all environments. The cumulative variance explained by the 

three factor loadings exceeded 75% for most environments across the disease metrics (Table 2.4). 

2.4.4. GEI effects and genetic parameters. Figure 2.2 presents Type B genetic correlations (ὶǶ), 

estimated using Eq. 2.8. For rAUDPS, ὶǶ ranged from -0.03 to 0.99, with high ὶǶ (> 0.70) indicating 

strong cultivar ranking agreement between most environment pairs, including AL24–KS23, 

PY23–LB23. Low ὶǶ (< 0.30) was observed between RW22 and nearly all environments as well 

as CL22 and four environments (Fig. 2.2A). For SEV, ὶǶ ranged from -0.15 to 0.99, with the 

highest values observed for PY22–KS23 and OX23–BE24, and the lowest values for RW22 across 

nearly all environments, as well as CL22 and eight other environments (Fig. 2.2B). Further, most 

environment pairs exhibited moderate ranking agreement for T50, with ὶǶ ranging from -0.11 to 1, 

and low ὶǶ between KS23–SB23 and OX23–SB23 (Fig. 2.2C). For ω, ὶǶ ranged from -0.97 to 1, 

with highly positive ὶǶ for MR22–UN23 and highly negative ὶǶ for RW22–AL24 (Fig. 2.2D). 

Many other environments displayed cultivar ranking disagreement for ω. However, grouping 

based on ὶǶ is mainly exploratory and further interpretation requires external environmental data 

(e.g., pathogen biotype, weather, soil). No clear patterns emerged when Type B genetic 

correlations were summarized by crop production region (data not shown). 

High Ὄ  and low ὅὠ was detected for rAUDPS, SEV, and T50 across most environments 

investigated. In contrast, many environments had either zero or low Ὄ  and high ὅὠ for ω (Table 

2.5). Since Ὄ  are biased, as they do not account for GEI effects, across-site heritability (Ὄ ) and 

heritability of cultivar means (Ὄ ) were also calculated and are presented in Table 2.6. Overall, 

Ὄ  were moderate (0.4 to 0.5) for rAUDPS and SEV and slightly lower (0.21) for T50. Similar, Ὄ  

was high (>0.89) for rAUDPS, SEV, and T50 (Table 2.6). Both Ὄ  and Ὄ  were low (<0.1) for ω, 

indicating that this trait may not be under strong genetic control. Moreover, ὅὠ were high (≥ 0.2) 

for rAUDPS and SEV in nearly half of the environments examined but low (≤ 0.1) for T50 in all 
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environments, indicating higher experimental precision for this metric. ὅὠ were high (≥ 0.20) for 

ω in nearly all environments (Table 2.5). 

2.4.5. Cultivar performance, stability, and responsiveness. Regarding rAUDPS, the cultivar 

‘USG 3230’ and ‘LW2068’ had an above-average performance (i.e., least susceptible), with OP = 

-1.3 and -1.1, respectively (Left-hand panels of Fig. 2.3 and Table 2.7). ‘USG 3230’ had a better 

than average level of stability with RMSD = 0.1 while ‘LW2068’ had a RMSD = 0.4. Further, the 

three best performing and stable cultivars with respect to SEV were ‘USG 3230’, ‘LW2068’ and 

‘Hilliard’ with OP values of -3.3%, -2.3% and -1.8%, respectively. Their corresponding RMSD 

were 0.7%, 1.1% and 0.4%, respectively. The most susceptible cultivars were ‘Jamestown’, 

‘Agrimaxx 492’ and ‘DG 9701’, with OP of 6.6%, 5.1%, and 1.3%, respectively. Moreover, the 

most unstable cultivars for SEV were ‘SH7200’ and ‘TURBO’, both with an RMSD of 2% (Left-

hand panels of Fig. 2.3 and Table 2.7). Similarly, the three best performing cultivars with respect 

to T50 were ‘USG 3230’, ‘LW2068’, and ‘Hilliard’ with OP of 7, 4, and 4 days, respectively. The 

average difference in onset date between worst performing (‘Agrimaxx 492’) and top-performing 

(‘USG 3230’) was 16 days. Still with respect to T50, most cultivars tended to have RMSD ≤ 3 days, 

except ‘SH7200’, ‘AGS 2024’ and ‘USG 3118’ (Table 2.7). Furthermore, ‘DG 9070’, ‘CP9606’ 

and ‘SY 547’ exhibited negative ω, thus the slowest rate of disease increase, while ‘Jamestown’, 

‘TURBO’ and ‘SY Richie’ displayed the highest OP values, thus a rapid increase in SNB incidence 

(Left-hand panels of Fig. 2.3 and Table 2.7). 

Cultivar responsiveness to the first-factor environmental loadings were assessed with latent 

regression plots (Right-hand panels of Fig. 2.3). These plots display the relationship between 

environment-specific EBLUPs versus the rotated ‗ for four reference genotypes: ‘DG Shirley’, 

‘Jamestown’, ‘TURBO’, and ‘USG 3230’. The highest slopes were observed for ‘Jamestown’, 

regardless of the SNB metric. ‘USG 3230’ was also responsive to ‗ but at a lower intensity. While 

the ‗ do not provide meaningful information on their own without correlation to environmental 

data, they can reveal patterns when analyzed appropriately. For example, in the rADUPS and SEV 

cultivar responsiveness analyses, the EBLUP of ‘Jamestown’ increases as the ‗ increases, 

whereas ‘DG Shirley’ remains flat. This suggests that certain environmental factors, such as 

humidity, temperature, or biotic factors, are causing the cultivars to respond differently. Whatever 

the specific environmental variable may be, it appears to be more disadvantaging to ‘Jamestown’ 
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than to ‘DG Shirley’. Contrasting but expected effects were observed for T50, as this trait reflects 

the earliness of SNB onset. Additionally, crossover effects were noted for ω, suggesting 

differential cultivar responses as ‗ increased, though ω is not under genetic influence. Further, 

the crossover effect was only observed in three environments with the highest ‗ (Right-hand 

panels of Fig. 2.3). 

2.4.6. Stability of cultivar reaction classes. On average, MR cultivars consistently ranked higher 

than S and MS cultivars, irrespective of the GEI magnitude (Fig. 2.4). However, there were 

cultivar-specific variations in rankings across environments (Fig. 2.5). For instance, ‘USG 3230,’ 

an MR cultivar, ranked highest in 11 of 18 environments and was in the top tercile 16 times. In 

contrast, ‘DG Shirley,’ an MS cultivar, frequently ranked between 6th and 9th, while ‘TURBO,’ an 

S cultivar, showed a wide range in ranking, appearing in both the top and bottom terciles (Fig. 

2.5). Interestingly, there was evidence of increased cultivar rank reshuffling as ‗ decreased. Since 

‗ represents the loading accounting for the largest environmental variability, higher ‗ values 

(redder shades on the horizontal axis) broadly indicate environments with higher disease pressure. 

Thus, a cultivar that frequently ranks highly across environments (purple indicating high disease 

pressure and blue indicating low disease pressure) demonstrates stable multi-environment 

performance. In contrast, a mix of dark and light cells across the bivariate heatmap, as seen for 

‘TURBO’ in high ‗ environments and ‘DG9701’ in low ‗ environments, indicates greater 

instability (Fig. 2.5). 

 

2.5. Discussion 

Advancing SNB management using resistant wheat cultivars requires understanding the 

interplay of host genetics, environmental factors, and their combined impact on epidemics. This 

study evaluated GEI effects across four SNB metrics using 18 soft red winter wheat cultivars 

grown in P. nodorum-infested environments in North Carolina. Different disease metrics highlight 

distinct aspects of epidemic behavior, such as severity, spread rate, or duration, thereby revealing 

distinct trade-offs. Using genetic and non-genetic parameters, as well as the FAST method (Smith 

and Cullis 2018), we gained insights into cultivar performance and stability under diverse disease 

pressures and GEI conditions. 
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Wheat cultivar rankings were largely consistent across most environments. However, 

sizeable non-crossover GEI effects were detected in a small subset of environments for rAUDPS, 

SEV, and T50. These traits exhibited high heritability, indicating strong genetic control, supporting 

their use in the selection of SNB-resistant wheat cultivars. Similarly high broad-sense and single-

site heritabilities for SNB severity have been reported by Francki et al. (2021) and García-Barrios 

et al. (2023). In contrast, ω showed very low heritability, suggesting it is not genetically controlled 

but likely influenced by fluctuating environmental conditions. Furthermore, the FAST method 

effectively summarized FAk model findings, helping identify stable cultivars like ‘USG 3230’, 

‘Hilliard’, and ‘SY 547’, which performed well regardless of the environmental conditions. In 

contrast, ‘Jamestown’ and ‘Agrimaxx 492’ were universally susceptible. Non-crossover GEI 

effects led to rank shifts between MR and MS cultivars, and in some cases between MR and S 

cultivars, particularly in 2022 and in specific environments. These findings align with other multi-

environment disease screening studies, which have shown minor cultivar instability to SNB 

development across different environments and years (Adhikari et al. 2023; Cowger and Brown 

2019; Francki et al. 2020; Kaur et al. 2024; Mandal et al. 2024). Cultivar instability has also been 

documented in other pathosystems, including late blight in potato, and was linked to differential 

host resistance gene expression (Lindqvist-Kreuze et al. 2014). Although this study did not 

examine the genetic components of the wheat panel, resistance stability in these lines may relate 

to genomic regions Tsc1, Tsn1, Snn3-B, Snn7, and/or loci on chromosomes 2A, 2D, and 7D, known 

for stability in USDA-ARS (Peters Haugrud et al. 2023) and CIMMYT collections (Phan et al. 

2021). 

Temperature is known to influence wheat resistance against P. nodorum (Kim and Bockus 

2003) and other pathogens, including Puccinia striiformis f. sp. tritici  (Feng et al. 2011). The wheat 

Snn1 gene, belonging to the wall-associated kinase class of plant receptor kinases, confers 

susceptibility to P. nodorum (Shi et al. 2016). Recent findings have shown that this class of genes 

is sensitive to temperature fluctuations (Noel et al. 2024), which could be linked to observations 

of temperature-sensitive cultivar reaction to P. nodorum (Kim and Bockus 2003). SNB resistance 

is also influenced by pleiotropic effects. For example, morphological traits such as heading date 

and plant height, which are affected by climatic factors, co-locate with loci associated with SNB 

leaf and glume resistance on chromosomes 2A and 2D (Rivera-Burgos et al. 2022). Therefore, we 

hypothesize that the unique climatic conditions, particularly in 2022, differentially affected wheat 
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resistance mechanisms or pathogen fitness, leading low-frequency non-crossover GEI effects for 

rAUDPS and SEV in certain environments.  

Biotypes of P. nodorum can also differentially modulate the expression of genes within the 

host, leading to variable phenotypes (Ipcho et al. 2012). The expression of defense mechanisms 

depends on the P. nodorum isolate, as the pathogen secretes necrotrophic effectors targeting 

specific host sensitivity genes (Kariyawasam et al. 2023). It is possible that genotype variability 

in certain environments was due to different suites of effectors secreted by biotypes under 

changing weather conditions. Additionally, increased gene flow between diverse P. nodorum 

populations across wheat-producing regions could undermine the durability of wheat resistance in 

the area. For example, most P. nodorum isolates from the Southeastern U.S. lack SnToxA, whereas 

only 4.3% of isolates from the upper Midwest lacked this toxin (Crook et al. 2012; Kaur et al. 

2024; Richards et al. 2019). The absence of SnToxA in pathogen isolates may be attributed to the 

lack of Tsn1 in genotypes grown in the region (Bertucci et al. 2014). The consistent frequency of 

SnTox1, SnToxA, and SnTox3 across the Southeastern U.S. suggests unrestricted gene flow among 

P. nodorum populations (Kaur et al. 2024), which can potentially explain the overall stability of 

cultivars and minor prevalence of non-crossover GEI effects for key traits observed in this study.  

Previous research on SNB identified geographic data, wheat residue, and cultivar resistance 

as key predictors of SNB severity in North Carolina (Mehra et al. 2016). A binary logistic model 

was later developed to predict disease onset using these factors and weather conditions, but the 

best-fitting model lacked a cultivar resistance term (Mehra et al. 2017). External validation 

revealed low specificity, resulting in over-prediction in the Piedmont region (Adhikari et al. 2023), 

which may be partially attributed to the lack of a host resistance term in the model. Therefore, our 

findings on the stability of cultivar reactions across various GEI scenarios support their use as 

proxies for host susceptibility in SNB prediction models. While the assumption of stability may 

hold for highly susceptible and resistant lines tested in tandem, it may not apply to commercial 

wheat cultivars that have undergone multiple cycles of selection. Additionally, shifts in rank 

between moderately resistant and moderately susceptible cultivars were noted, potentially 

lowering model accuracy by misclassifying reaction classes in future risk assessments. 

The use of FAk models and the FAST method facilitated efficient screening of wheat lines 

for SNB resistance, even in the presence of significant non-crossover GEI effects. This method 

was also recently applied to distinguish between Pratylenchus thornei-resistant and susceptible 
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wheat genotypes (Rognoni et al. 2024). A similar framework can be adapted to assess genotype 

performance and stability in other pathosystems, as well as to explore regional variations in 

pathogen aggressiveness and fungicide efficacy. Notably, singular value decomposition was used 

for loading rotation (Cullis et al. 2014), producing a principal component solution where the first 

latent factor captures the largest data variability. Future studies may consider alternative rotation 

methods, such as varimax, which maximizes variance of loadings in each factor (Barros et al. 

2024). Moreover, although we also tested an unstructured variance-covariance structure, this non-

parsimonious model did not converge, leading to a preference for FAk. Although ‗ a latent 

parameter with no direct interpretation, regressing it on environmental variables, such as 

meteorological data, allows for the exploration of potential environmental factors influencing GEI 

effects, a topic to be discussed in an upcoming manuscript. 

This study offers insights into the performance and stability of commercial wheat cultivars 

against SNB epidemics using multi-environmental trial data and linear mixed models. Results 

indicate general stability of cultivars, with minor non-crossover GEI effects influencing genotype 

responses at certain environments. Given the high turnover of commercial wheat lines and 

inconsistent SNB resistance reporting in seed catalogs, information on cultivar stability would be 

valuable for farmers aiming to optimize SNB management through cultivar resistance. The cultivar 

‘USG 3230’ demonstrated the highest stability over three seasons, aligning with the breeding goals 

to identify stable, SNB-resistant wheat cultivars for the Southeastern U.S. (Cowger and Murphy 

2007). Finally, our findings provide insights into the host and environmental factors driving SNB 

epidemics in the region, where P. nodorum populations are reportedly more homogeneous (Kaur 

et al. 2024). Regional variations in virulence factors could lead to different findings, emphasizing 

the need for a deeper understanding of pathogen demographics, wheat genetics, and local 

edaphoclimatic conditions before generalizing these findings. 
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Table 2.1. Attributes of locations used to characterize the reaction of winter wheat cultivars to Stagonospora nodorum blotch in multi-

environmental trials in North Carolina. 

Region County Year Location Environment Lat.a Lon.a 
Elevation 

(m) 

Sand 

 (%)b 

Silt 

(%)b 

Clay 

(%)b 
pHb 

Previous  

crop 

Fungicide  

application 

Piedmont 

Johnston 2022 
Central Crops 

Research Station 
CL22 35.6712 -78.5114 106.05 42.6 41.7 15.7 4.9 Corn — 

Granvile 2023 
Grower field 

OX23 36.3559 -78.5489 150.1 37.7 45.1 17.2 5.4 Corn — 

Person 2024 RO24 36.3228 -78.8776 158.95 24 52.4 23.6 5.3 Corn Yes 

Rowan 

2022 
Piedmont  

Research Station 

SB22 35.6964 -80.6236 222.49 31.1 30.3 38.6 5.9 Corn — 

2023 SB23 35.6995 -80.6208 225.12 31.6 30.7 37.7 5.6 Corn — 

2024 SB24 35.6979 -80.6243 225.37 32.9 31.7 35.4 5.9 Corn — 

Union 

2022 

Grower field 

MR22 34.9493 -80.4244 177.09 46.8 39.6 13.5 5.6 Wheat — 

2023 UN23 35.0894 -80.4684 171.14 45.9 36.3 17.8 5.7 Corn — 

2024 AL24 34.8598 -80.5129 195.35 53 34.6 12.4 5.7 Corn — 

Southeastern 

Plains 

Lenoir 

2022 
Lower Coastal  

Plain Research Station 

KS22 35.3781 -77.5598 20.96 42.6 41.7 15.7 4.9 Corn — 

2023 KS23 35.3757 -77.5607 21.43 42.7 42.1 15.2 4.9 Corn — 

2024 KS24 35.3777 -77.5572 20.63 42.8 42.5 14.7 4.9 Corn Yes 

Robeson 

2023 

Grower field 

LB23 34.7132 -78.9671 42.54 56.9 30 13.1 5.3 Corn — 

2024 LB24 34.7545 -79.0343 50.31 54.2 34 11.8 5 Cotton Yes 

2022 RW22 34.5112 -79.3061 40.89 57.2 28 14.8 5.1 Soybean — 

Mid-Atlantic 

Coastal Plain 

Beaufort 2024 Grower field BE24 35.5591 -76.5684 1.09 24.1 56.1 19.8 4.9 Cotton — 

Washington 
2022 Tidewater  

Research Station 

PY22 35.8491 -76.6552 4.82 43.5 38.7 17.8 5.1 Corn Yes 

2023 PY23 35.8492 -76.6591 4.73 42.2 39.1 18.7 5.1 Corn — 
a Latitude and longitude data were determined by locating the field position on Google Maps (Google Inc., Mountain View, CA).  
b Soil characteristics data obtained from 5–15 cm horizon using SoilGrids and the R package soilDB (Beaudette et al. 2024). 
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Table 2.2. Environmental summary of four epidemiological metrics used to characterize 

Stagonospora nodorum blotch epidemics on winter wheat in a multi-environmental trial in North 

Carolina. 

 Metrica 

Environment 
rAUDPS  SEV (%)  T50 (day of year)  ω 

Mean SD NAs  Mean SD NAs  Mean SD NAs  Mean SD NAs 

CL22 3.9 1.8 0  8.4 3.5 0  102 8 0  0.29 0.14 0 

OX23 8.7 2.0 0  22.8 4.8 0  96 5 0  0.31 0.13 0 

RO24 2.1 1.0 0  4.3 1.8 0  99 9 0  0.32 0.18 0 

SB22 6.3 2.2 0  11.3 4.5 0  102 8 0  0.36 0.15 0 

SB23 10.8 3.2 0  26.9 7.4 0  87 4 0  0.54 0.07 0 

SB24 5.3 1.4 0  15.9 3.6 0  97 10 0  0.31 0.15 0 

MR22 1.7 0.9 0  3.7 1.8 0  132 14 0  0.16 0.11 0 

UN23 3.8 1.7 0  11.5 4.2 0  99 11 0  0.29 0.16 0 

AL24 8.4 2.3 6  23.1 5.0 6  85 7 6  0.40 0.14 6 

KS22 0.9 0.6 1  1.7 0.9 1  113 9 2  0.25 0.12 1 

KS23 3.6 1.3 0  9.2 3.1 0  92 7 0  0.25 0.11 0 

KS24 4.6 1.3 0  9.4 3.0 0  92 4 0  0.37 0.13 0 

LB23 3.4 1.6 0  7.4 3.8 0  89 7 0  0.41 0.16 0 

LB24 5.9 2.2 0  16.3 5.8 0  90 5 1  0.39 0.14 0 

RW22 2.3 1.3 0  5.7 3.5 0  122 9 0  0.27 0.13 0 

BE24 1.7 0.8 0  3.9 1.6 0  102 9 0  0.27 0.16 0 

PY22 1.6 1.3 0  3.1 1.9 0  121 17 0  0.23 0.17 0 

PY23 3.9 1.1 0  9.8 2.7 0  103 7 0  0.39 0.15 0 
a The relative area under disease progress stairs (rAUDPS), the final diseased leaf area (SEV), the 

day of 50% disease incidence (T50), and the weighted mean absolute rate of increase for disease 

incidence (ω). SD = standard deviation and NAs = number of missing plots. 
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Table 2.3. Goodness of fit for linear mixed models with different covariance structures for the 

genetic (ἑ) and residual (ἠ) effects.  

Metrica 'b 2c Parmsd AIC LogL ὛὉὈ ‡Ӷ (%) 

rAUDPS 

CS IDV 3 890.6 -442.3 0.25 – 

CS IDH 14 764.7 -362.3 0.23 – 

CSH IDH 25 705.0 -315.5 0.24 – 

FA1 IDH 36 691.9 -293.9 0.22 66.1 

FA2 IDH 48 687.7 -277.8 0.21 70.4 

FA3 IDH 60 688.3 -264.2 0.22 79.6 

SEV 

CS IDV 3 1872.4 -933.2 0.62 – 

CS IDH 14 1736.4 -848.2 0.56 – 

CSH IDH 25 1640.8 -783.4 0.57 – 

FA1 IDH 36 1631.0 -764.5 0.54 62.9 

FA2 IDH 48 1637.1 -752.6 0.53 68.1 

FA3 IDH 60 1640.0 -740.0 0.50 77.3 

T50 

CS IDV 3 2899.2 -1446.6 1.69 – 

CS IDH 14 2790.6 -1375.3 1.46 – 

CSH IDH 25 2781.5 -1353.7 1.53 – 

FA1 IDH 36 2793.7 -1345.8 1.47 60.3 

FA2 IDH 48 2782.4 -1327.2 1.38 74.0 

FA3 IDH 60 2787.9 -1316.9 1.38 80.5 

ω 

CS IDV 3 -1482.3 744.2 0.026 – 

CS IDH 14 -1478.8 759.4 0.021 – 

CSH IDH 25 -1479.0 776.5 0.019 – 

FA1 IDH 36 -1473.4 783.7 0.016 44.4 

FA2 IDH 48 -1472.2 795.1 0.019 68.2 

FA3 IDH 60 -1454.9 801.5 0.019 80.6 
a The relative area under disease progress stairs (rAUDPS), the final diseased leaf area (SEV), the 

day of 50% disease incidence (T50), and the weighted mean absolute rate of increase for disease 

incidence (ω). 
b CS = compound symmetry, CSH = compound symmetry heterogeneous, FA1 = factor-analytic 

with one multiplicative term, FA2 = factor-analytic with two multiplicative terms, and FA3 = 

factor-analytic with three multiplicative terms.  
c IDV = identity variance and IDH = heterogeneous variance. 
d Parms = total number of parameters associated with each model, AIC = Akaike information 

criterion, LogL = log likelihood, ὛὉὈ = average standard error of differences of predictions for 

genotypes, and ‡Ӷ = the percentage of accumulated variance explained by factor-analytic models. 
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Table 2.4. Rotated REML estimates of loadings ‗  for each k–order from the FA3 model and variance (%) accounted for by the first 

(V-1) and all three (V-all) factors for epidemiological metrics used to describe epidemics of Stagnospora nodorum blotch. 

 Metrica 

Environment 
rAUDPS  SEV  T50  ω 

‗ ‗ ‗ V-1 V-all  ‗ ‗ ‗ V-1 V-all  ‗ ‗ ‗ V-1 V-all  ‗ ‗ ‗ V-1 V-all 

CL22 0.12 -0.19 -0.46 24 51  0.07 0.16 0.35 10 40  0.15 -0.03 0.04 35 36  -0.08 -0.03 0.28 18 100 
OX23 0.28 -0.01 -0.32 92 100  0.20 0.02 0.37 76 100  0.07 0.07 -0.12 61 100  -0.09 0.26 0.18 15 100 

RO24 0.15 0.06 0.05 79 80  0.11 0.19 0.04 64 80  0.35 -0.05 -0.07 92 93  -0.44 0.52 0.01 63 100 

SB22 0.20 -0.26 0.35 51 68  0.19 -0.19 -0.02 92 100  0.19 -0.20 0.04 36 46  -0.03 0.12 0.00 0 4 
SB23 0.50 -0.47 0.13 64 70  0.50 -0.22 0.16 57 59  0.07 -0.06 0.35 25 100  -0.01 -0.11 0.11 0 100 

SB24 0.20 0.13 0.25 56 64  0.28 -0.41 -0.42 65 90  0.29 -0.42 0.39 58 100  -0.22 0.05 -0.18 27 34 

MR22 0.09 -0.32 -0.07 44 100  0.06 -0.02 0.19 25 48  0.26 0.42 0.38 31 59  -0.18 -0.22 -0.14 56 100 
UN23 0.25 0.19 0.49 76 100  0.26 0.29 -0.57 66 100  0.28 -0.46 -0.23 59 100  -0.05 -0.12 -0.05 30 100 

AL24 0.40 0.37 -0.06 92 100  0.38 0.26 -0.09 91 95  0.18 -0.06 0.24 44 55  0.09 0.02 0.27 25 100 

KS22 0.05 0.10 0.07 61 100  0.04 0.09 -0.03 61 100  0.16 -0.15 0.11 80 100  0.02 -0.04 -0.20 4 100 
KS23 0.19 0.14 -0.10 94 100  0.18 0.20 0.15 85 100  0.20 0.26 -0.33 56 100  -0.01 0.31 0.12 0 100 

KS24 0.15 0.22 -0.06 63 76  0.16 0.14 0.07 77 83  0.10 -0.06 0.20 60 100  -0.12 0.16 -0.16 10 24 

LB23 0.25 -0.08 -0.06 78 79  0.27 -0.30 -0.01 87 96  0.15 0.25 0.34 44 100  0.02 0.18 0.66 0 100 
LB24 0.35 0.28 -0.13 74 80  0.42 0.32 0.06 78 82  0.16 -0.02 0.05 95 97  0.17 -0.38 -0.06 32 100 

RW22 0.07 -0.44 0.11 11 52  0.04 -0.35 0.11 2 19  0.10 0.07 0.03 10 11  -0.22 0.07 -0.38 49 100 

BE24 0.12 -0.01 -0.36 64 100  0.10 0.04 0.32 51 100  0.28 0.45 -0.06 62 100  -0.66 0.43 0.07 84 100 
PY22 0.19 0.08 0.12 94 98  0.10 0.12 0.02 88 100  0.54 -0.01 -0.41 93 100  -0.39 -0.28 0.18 77 100 

PY23 0.16 -0.09 -0.21 66 75  0.17 -0.39 0.13 62 93  0.20 0.12 0.01 88 96  -0.13 -0.08 0.22 29 60 
a The relative area under disease progress stairs (rAUDPS), the final diseased leaf area (SEV), the day of 50% disease incidence (T50), 

and the weighted mean absolute rate of increase for disease incidence (ω).
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Table 2.5. Generalized heritability (Ὄ ) and experimental coefficients of variation (ὅὠ) across 

environments used to characterize epidemic of Stagonospora nodorum blotch on winter wheat in 

North Carolina. 

 Metrica 

Environment rAUDPS  SEV  T50  ω 

 Ὄ  ὅὠ  Ὄ  ὅὠ  Ὄ  ὅὠ  Ὄ  ὅὠ 

AL24 0.90 0.08  0.87 0.08  0.76 0.04  0.00 0.33 

CL22 0.61 0.29  0.55 0.27  0.45 0.06  0.00 0.46 

MR22 0.71 0.26  0.65 0.30  0.57 0.07  0.06 0.57 

OX23 0.38 0.17  0.14 0.18  0.07 0.05  0.00 0.39 

RO24 0.91 0.14  0.85 0.16  0.72 0.05  0.53 0.36 

SB22 0.56 0.23  0.29 0.32  0.67 0.05  0.45 0.32 

SB23 0.83 0.12  0.88 0.10  0.62 0.03  0.00 0.12 

SB24 0.88 0.09  0.83 0.10  0.69 0.05  0.43 0.37 

UN23 0.80 0.17  0.81 0.19  0.04 0.08  0.00 0.56 

KS22 0.22 0.54  0.28 0.41  0.16 0.07  0.00 0.48 

KS23 0.59 0.20  0.32 0.22  0.49 0.05  0.00 0.37 

KS24 0.66 0.16  0.50 0.23  0.32 0.03  0.51 0.25 

LB23 0.89 0.16  0.87 0.19  0.59 0.05  0.27 0.31 

LB24 0.93 0.10  0.92 0.10  0.44 0.04  0.09 0.32 

RW22 0.81 0.25  0.85 0.24  0.67 0.04  0.31 0.39 

BE24 0.86 0.16  0.85 0.16  0.70 0.04  0.65 0.34 

PY22 0.76 0.38  0.51 0.43  0.45 0.10  0.23 0.60 

PY23 0.69 0.16  0.60 0.17  0.40 0.05  0.13 0.38 
a The relative area under disease progress stairs (rAUDPS), the final diseased leaf area (SEV), the 

day of 50% disease incidence (T50), and the weighted mean absolute rate of increase for disease 

incidence (ω). 
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Table 2.6. Broad-sense (Ὄ ) and cultivar mean heritabilities (Ὄ ) with standard error in 

parenthesis. 

Metrica Ὄ ίὩ Ὄ ίὩ 

rAUDPS 0.490 (0.026) 0.956 (0.003) 

SEV 0.442 (0.029) 0.948 (0.004) 

T50  0.210 (0.048) 0.891 (0.024) 

ω 0.003 (0.001) 0.092 (0.022) 

 a The relative area under disease progress stairs (rAUDPS), the final diseased leaf area (SEV), the 

day of 50% disease incidence (T50), and the weighted mean absolute rate of increase for disease 

incidence (ω). 
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Table 2.7. Overall performance (OP) and stability (RMSD) of the eighteen commercial wheat cultivars characterizing Stagonospora 

nodorum blotch epidemics on winter wheat in multi-environmental trials in North Carolina. 

 Metrica  
Reaction  

classb 
 rAUDPS  SEV (%)  T50 (days)  ω  

Cultivar OP RMDS  OP RMDS  OP RMDS  OP RMDS  

USG 3230 -1.3 0.1  -3.3 0.7  7 2  -0.02 0.01  MR 

LW2068 -1.1 0.4  -2.3 1.1  4 2  -0.02 0.04  MR 

Hilliard -0.7 0.1  -1.8 0.4  4 1  -0.02 0.01  MR 

SY 547 -0.9 0.5  -1.7 0.9  4 3  -0.03 0.01  MR 

Agrimaxx 513 -0.9 0.5  -1.5 1  3 3  -0.02 0.03  MR 

SH 4400 0 1  -1.2 0.6  0 3  -0.01 0.05  MR 

DG 9070 -0.6 0.4  -0.8 1.2  2 2  -0.03 0.02  MS 

DG Shirley -0.4 0.4  -0.4 0.6  2 3  0 0.01  MS 

USG 3118 -0.3 0.3  -0.4 1.1  2 4  0.01 0.02  MS 

SY Richie 0 0.6  -0.3 1  -2 2  0.04 0.02  MS 

DG 9120 0.2 0.1  -0.1 0.2  -8 3  0 0.08  MS 

CP9606 0 0.2  0 1.2  1 1  -0.03 0.04  MS 

AGS 2024 -0.2 0.5  0.1 0.8  2 6  0.02 0.07  S 

TURBO 0.3 0.5  0.2 2  -3 1  0.04 0.02  S 

SH 7200 -0.1 0.8  0.4 2  2 5  0 0.07  S 

DG 9701 0.3 0.4  1.3 0.9  -3 1  -0.03 0.05  S 

Agrimaxx 492 2.6 0.4  5.1 1.2  -9 1  0.03 0.06  S 

Jamestown 3 0.2  6.6 1  -7 2  0.08 0.03  S 
a The relative area under disease progress stairs (rAUDPS), the final diseased leaf area (SEV), the day of the year to 50% disease 

incidence (T50), and the weighted mean absolute rate of increase for disease incidence (ω). Top performing cultivars have negative OP 

for rAUDPS, SEV, and ω and positive OP for T50. More stable cultivars have RMDS near zero. 
b Reaction class: susceptible (S), moderately susceptible (MS), and moderately resistant (MR). 
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Figure 2.1. Geographical location of experimental sites used to examine the performance and 

stability of commercial winter wheat cultivars to Stagonospora nodorum blotch epidemics in North 

Carolina. Gray contours and colors represent counties and level III ecoregions (U.S. 

Environmental Protection Agency), respectively. The dots on the map indicate locations, 

abbreviated names and year, and their shapes represent regions in which trials were evaluated. 
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Figure 2.2. Heatmap of type B genetic correlation matrix for four epidemiological metrics. A) 

Relative area under disease progress stairs (rAUDPS); B) final percent diseased leaf area (SEV); 

C) the day of year of 50% disease incidence (T50); and D) the weighted mean absolute rate of 

increase for disease incidence (ω) used to characterize Stagonospora nodorum blotch epidemics 

on winter wheat in North Carolina. The magnitude of genetic correlations is depicted by the color 

scale on the right, with a positive and perfect genetic correlation between environments indicated 

by 1 and a perfect and negative correlation indicated by -1. Estimated correlation coefficients for 

pairs of environments are indicated within the cells. 
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Figure 2.3. Plots of overall performance (OP) versus stability (RMSD) (left-panel) for 18 cultivars 

and four epidemiological metrics with reference genotypes (‘DG Shirley’, ‘Jamestown’, ‘TURBO’ 

and ‘USG 3230’) distinguished by color. Latent regression plots (right-panel) on breeding values 

(EBLUP) versus the rotated REML estimates of the first-factor loading (‗). Epidemiological 

metrics include the relative area under disease progress stairs (rAUDPS), the final percent diseased 

leaf area (SEV), the day of 50% disease incidence (T50), and the weighted mean absolute rate of 

increase for disease incidence (ω). Vertical dashed lines in the latent regression plots represent the 

mean loadings.  
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Figure 2.4. Stability of wheat cultivar reaction classes based on average ranks of breeding values 

(EBLUP) of foliar severity across environments. Environments are ordered based on the total 

amount of genotype-by-environment effect calculated from ἑ matrix. Moderately resistant (MR), 

moderately susceptible (MS), and susceptible (S) cultivars are depicted by black solid, dot dash, 

and dotted lines, respectively. Cultivar-specific ranks are shown by gray lines. 
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Figure 2.5. Bivariate heatmap depicting cultivar-specific ranks based on breeding values of foliar 

severity across environments. Environments are arranged based on decreasing first-factor loading 

along the x-axis. Wheat cultivars are arranged based on decreasing breeding value ranking along 

the y-axis. 
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Table 2.S1. Description of the eighteen commercial wheat cultivars evaluated in this study. 

Company Commercial name Contact 

Agrimaxx 
Agrimaxx 492 

https://agrimaxxwheat.com/ 
Agrimaxx 513 

AGSouth Genetics AGS 2024 https://agsouthgenetics.com/wheat/ 

Cropland CP9606 https://www.croplan.com/products/wheat 

DYNAGRO 

DG 9070 

https://dynagroseed.com/seed-finder/wheat?cropsId=dynagroseed:crops/wheat 
DG 9120 

DG 9701 

DG Shirley 

VCIA 
Hilliard 

http://www.virginiacrop.org/hilliard-wheat.html 
Jamestown 

Local Seed Company LW2068 https://revereseed.com/ 

Southern Harvest 
SH 4400 

https://southernharvestseedstemp.flywheelsites.com/products/wheat/ 
SH 7200 

Syngenta 
SY 547 

https://agriprowheat.com/ 
SY Richie 

PROGENY TURBO https://www.progenyag.com/products/wheat/ 

USG 
USG 3118 

https://www.usgseed.com/wheat 
USG 3230 
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CHAPTER 3 

Weather Variables Linked to Latent Factors Explaining Genotype-by-

Environment Interaction Effects in Plant Disease 
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3.1. Abstract 

Identifying weather variables for crop and disease modeling is complex due to the interplay 

between weather elements and fluctuating conducive conditions over time. Genotypes also 

respond differently to environmental conditions, a phenomenon known as genotype-by-

environment (GEI). Understanding weather-driven GEI effects is essential for revealing 

differential cultivar responses in multi-environment trials, facilitating targeted selection and 

enhancing disease prediction. This study introduces a high-resolution window-pane analysis 

combined with stability selection to identify weather variables linked to latent environmental 

loadings from a factor-analytic model explaining GEI effects on the foliar severity of Stagonospora 

nodorum blotch in wheat. Using a two-stage feature engineering procedure, hourly meteorological 

data, e.g., air temperature (T), precipitation (R), and relative humidity (RH), were aggregated into 

1,530 distinct time series. These series were correlated daily with factor loadings (‗) throughout 

the second half of the wheat growing season. In the second stage, significant daily weather 

variables were consolidated into optimal epidemiological periods relative to wheat anthesis, 

yielding 63, 23, and 44 second-level weather variables derived from the first (‗), second (‗), and 

third (‗) factor loadings. For example, daytime hours with 13°C ≤ T ≤ 16°C and RH ≥ 80% over 

a 25-day rolling window correlated positively with ‗ for 19 continuous days between 41 and 23 

days before anthesis. The corresponding second-level variable, 

fa1.41_23.TRH.13T16nRH.G80.daytime.sum_25, ranged from 144 to 731 hours across 

environments and predicted higher SNB severity. Various other R, RH, and T-based predictors, 

some calculated up to 65 days before anthesis, were identified. However, no single predictor 

consistently showed associations throughout the growing season, underscoring the need to capture 

the temporal effects of weather on disease using dynamic weather variables. This framework 

provides a method for creating weather ‘markers’ for detailed environmental profiling, improving 

disease modeling and supporting climate-adaptive breeding strategies. 

 

Keywords: Environmental covariates, enviromics, plant disease forecasting, factor analysis, 

moving average, multi-environment. 
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3.2. Introduction 

Weather exerts a substantial influence on the dynamics of crops and plant diseases. 

Temperature, humidity, and precipitation affect pathogen life-cycle processes, such as sporulation, 

dispersal and germination, while also modulating host defense mechanisms (Noel et al. 2024). 

This interplay, often driven by mesoscale weather turbulences, is particularly critical during the 

lag phase of epidemics, influencing the rate and intensity of disease epidemics (Schein 1963). 

Weather also affects plant physiological processes, influencing host tissue availability, crop season 

length, canopy development, flowering, and yield. Incorporating weather conditions into models 

requires variables that capture the biophysical factors affecting responses. However, identifying 

reliable weather variables within the complex web of climatic factors is challenging and has long 

been a key focus in crop and disease modeling research (Kusmec et al. 2024; Shah et al. 2019).  

A common approach to generate weather variables is by aggregating daily meteorological 

data over fixed calendar periods (e.g., seasons, months, weeks) or crop growth stages (Costa-Neto 

et al. 2021; Lingua et al. 2024; Mehra et al. 2017). However, ecological processes rarely adhere to 

calendar dates. Furthermore, aggregating weather data daily often obscures important fine-scale 

variations, resulting in oversimplified weather inputs. Feature engineering offers a solution by 

transforming high-throughput meteorological data into detailed weather inputs that better 

characterize weather conditions across environments. These refined hourly-derived variables can 

then be used to improve the accuracy of plant disease and breeding models, supporting optimized 

disease control strategies through decision support systems and aiding cultivar selection in 

enviromics-based breeding (Resende et al. 2022). 

Window-pane analysis is a method for systematically examining the impact of dynamic 

weather factors on a biological phenomenon over time (Goldwin 1982). This technique 

investigates statistical correlations between meteorological features, summarized within discrete 

fixed-length ‘window-panes’, and an outcome of interest. By varying the window length, 

numerous overlapping windows are created. With the window ending points sliding along a time 

series, the aggregated variables evolve into a time series themselves. In botanical epidemiology, 

window-pane analysis has been applied to a range of pathosystems (Chaulagain et al. 2020; Sanjel 

et al. 2023; Webster et al. 2023), including Septoria leaf spot of wheat (Pietravalle et al. 2003). 

However, this method suffers from multiplicity issues, leading to inflated type I error rates due to 

the exhaustive search for associations in time series (Shah et al. 2019). As the number of 
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hypotheses tested increases, so does the risk of detecting false-positive correlations. Several 

approaches have been proposed to address this issue, including Simes' method and machine 

learning-based variable mining (Gouache et al. 2015; Kriss et al. 2010; Sanjel et al. 2023). Here, 

we employ stability selection (Bodinier et al. 2023a; Meinshausen and Bühlmann 2010), a feature 

selection technique that combines resampling methods with regularization to identify sparse, non-

redundant sets of weather predictors.  

Traditionally, window-pane studies in botanical epidemiology use disease observations 

from susceptible cultivars in field surveys or variety performance trials as response variables (Kriss 

et al. 2010). While this simplifies analysis, it fails to capture the full range of climatic effects 

influencing disease intensity across all cultivars. Furthermore, the performance of cultivars varies 

with environmental conditions (e.g., weather, soil, microbiome) due to genotype-by-environment 

interaction (GEI), where the same genotypes respond differently across environments (Malosetti 

et al. 2013; Twizeyimana et al. 2008). To elucidate weather-driven GEI effects, outputs from a 

factor-analytic variance-covariance model (Smith et al. 2001) can serve as response variables in 

window-pane studies. Factor-analytic models, similar to principal component analysis, partition 

GEI effects into genotypic scores (‟) and environmental loadings (‗) of kth order, along with 

residual variance (‪). Hence, ‗ captures uncorrelated, multidimensional, latent components of the 

environment, while still incorporating complete trial data. These ‗ values can then be regressed 

against weather variables to identify biologically relevant predictors for modeling. This approach 

has been used to link environmental variables to quantitative traits in crops and animals (Azevedo 

et al. 2023; Rogers et al. 2021; Sae-Lim et al. 2014).  

This framework is applied to the winter wheat (Triticum aestivum L.) and Stagonospora 

nodorum blotch (SNB) pathosystem. SNB is caused by the fungus Parastagonospora nodorum 

and is prevalent in regions with warm, humid conditions and frequent precipitation (Shanner and 

Buechley 1995). Yield losses of up to 30% have been reported in the Eastern and Pacific Northwest 

regions of the U.S., Western Australia, and Europe (Murray and Brennan 2009). In the 

Southeastern U.S., severe SNB epidemics are sporadic, driven largely by moderate temperature 

and moist conditions (Adhikari et al. 2023). Therefore, this study aims to: (i) identify weather 

variables using hourly meteorological data, environmental loadings from a factor-analytic model, 

and the window-pane method augmented with stability selection; and (ii) investigate the 
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mechanisms underlying these associations, emphasizing the relevance of the identified predictors 

to the SNB epidemiology. 

 

3.3. Material and Methods 

3.3.1. Methodological overview. A schematic representation of the workflow outlining the key 

steps used to identify weather variables for SNB is provided in Figure 3.1. These steps include: 

1. Obtaining rotated estimates of environmental loadings (as ‗ȟ‗, and ‗; also referred to 

as fa1, fa2, and fa3 and collectively as ‗) from Garnica et al. (unpublished results).  

2. Using feature engineering on hourly meteorological data to create a matrix of first-level 

weather variables. 

3. Applying the stability selection on this matrix to identify consistent associations between 

‗ and first-level weather variables across the growing season.  

4. Performing bootstrap Spearman correlation analysis between stable first-level weather 

variables and ‗.  

5. Visualizing periods of continuous disease risk via heatmaps. 

6. Conducting second-level feature engineering to aggregate first-level weather predictors 

over the optimal epidemiological period for each variable. 

3.3.2. Response variables. The dataset analyzed in this study, originally curated by Garnica et al. 

(unpublished results), is referred to as the ‘SNB dataset’. It comprises outputs of a 3rd order factor-

analytic model evaluating the performance of 18 winter wheat cultivars to SNB from 2021 to 2024 

across 18 environments in North Carolina. These outputs are ‗ȟ‗, and ‗, representing the 

estimated environmental loadings of the final SNB severity, expressed as percent diseased leaf 

area, collected at Zadoks growth stages (GS) 75–80 (Zadoks et al. 1974). Consequently, each 

environment in the ‘SNB dataset’ had three outputs of ‗ as responses, resulting in a total of 54 (18 

environments × 3 ‗s) measurements that were evaluated in the study.  

3.3.3. First-level feature engineering. Hourly weather observations were obtained from on-site 

climatic monitoring stations (WatchDog 1000 Series Micro Station, Spectrum Technologies, 

Aurora, IL) equipped with internal sensors for air temperature (T; °C; accuracy ± 0.6°C), dewpoint 

(D; °C; accuracy ± 0.6°C), precipitation (R; mm; resolution 0.2 mm), and relative humidity (RH; 
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%; accuracy ± 3%). Sensors were positioned about 1.5-m above the soil surface in the center of 

the experimental area. Collected hourly weather data (h = [D, R, RH, T]) extended from early-

February (around 60 days before disease onset) to the last disease assessment date (around mid-

May). This timeframe coincides with the critical phases of SNB onset and development in North 

Carolina. Prior to data processing, the h time series was visually inspected to detect outliers and 

missing data. Data gaps due to sensor failure were filled-in with hourly weather records from the 

ECMWF, ERA5, and ERA5-Land reanalysis datasets accessed through the Open-Meteo API 

(Zippenfenig 2023). Three of the eighteen sites experienced sensor issues for about 20 days during 

the growing season, and the missing data were filled in using the reanalysis records. 

Drawing on previous studies exploring plant disease-weather associations (Dalla Lana et 

al. 2021) and the sensitivity of weather sensors, h was engineered into various weather variables 

encompassing the mean, minima, maxima, cumulative summaries of hours meeting specific 

conditions, combinations of these summaries, and indices, such as dew point depression (DPD; 

°C), vapor pressure deficit (VPD, kPa), and growing degree days (GDD; °C) (Table 3.1). To 

explore the biological relevance of oscillations in RH and T on SNB dynamics, a z-score peak 

detection algorithm was also used. This algorithm relies on dispersion principles where a signal (-

1 or +1) is triggered when a new data point deviates by a set number of standard deviations from 

the moving average. It operates using three pre-defined settings: lag (size of moving average), 

threshold (z-score emitting signals), and influence (algorithm sensitivity; set to 0 in this study) 

(Brakel 2014). 

Weather elements were summarized across various intra-day periods, including 24-h, 

daytime, nighttime, dawn (8-hour period starting 4 hours before daytime), and dusk (8-hour period 

starting 3 hours before nighttime). Site-specific sunrise and sunset times were used to define intra-

day periods, which varied throughout the year, reflecting shorter night hours during the summer 

peak. This aimed to identify transitory biophysical elements potentially associated with SNB 

dynamics. Weather variables were then aggregated into six rectangular (Pierre et al. 2021) rolling 

windows of 5, 10, 15, 20, 25, and 30 days in length, resulting in a total of 1,530 engineered weather 

time series. The naming convention for first-level variables is based on the weather element, 

feature engineering criteria, intra-day period, aggregation function (sum or mean), and rolling 

window length. For instance, RH.L35.dusk.sum_5 represents the cumulative dusk hours with RH 

≤ 35% over a 5-day rolling window. Since the first-level variables are computed daily during the 
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growing season, they form themselves a time series. 

3.3.4. Reference point. Window-pane analysis was conducted as described by Dalla Lana et al. 

(2021). The above data processing and engineering processes yielded an inventory of six datasets, 

one for each rolling window. Each dataset included a vector of ‗ as the response and the matrix of 

time series first-level weather variables as independent variables. For the correlation analysis, all 

series were synchronized to the predicted anthesis date (Zadoks GS 50; LAG = 0), providing a 

standardized developmental timescale across location-years. This date that marks floral initiation 

in wheat, is often used as a reference point for various agronomic practices, including the last 

fungicide application timing (Paul et al. 2018). 

The date of wheat anthesis for each environment was predicted using a modified version 

of the crop stage model by Zhao et al. (2021). This process-based model, excluding the sowing 

date factor, integrates several parameters: nonlinear daily thermal time (ЎὝὝ; °C), vernalization 

(Ὢὺ; days), and photoperiod (Ὢὴ; hours), and a unitless temperature stress factor (Ὕί). The 

model used in this study is expressed as: 

 ὖὠὝ В ЎὝὝ Ὢὺ Ὢὴ Ὕί, (3.1) 

where, 

 ЎὝὝ  

ừ
Ử
Ừ

Ử
ứ

π Ὕ Ὕ  έὶ Ὕ σχᴈ

ςφz Ὡὼὴ Ὕ  Ὕ ςφᴈ

ςφz ρ ςφᴈ Ὕ σχᴈ

, (3.2) 

   

 Ὢὺ  

π ὠὈὈ υ Ὠὥώί

υ Ὠὥώί ὠὈὈ σπ Ὠὥώί

ρ ὠὈὈ σπ Ὠὥώί

, (3.3) 

   

 ὠὈὈ  

ừ
Ử
Ừ

Ử
ứ
π Ὕ τᴈ έὶ Ὕ ρχᴈ

τᴈ  Ὕ σᴈ

ρ σᴈ  Ὕ ρπᴈ

ρπᴈ Ὕ ρχᴈ

, (3.4) 
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 Ὢὴ  

π ὴὬ ρρ Ὤέόὶί

ρρ Ὤέόὶί ὴὬ ςπ Ὤέόὶί

ρ ὴὬ ςπ Ὤέόὶί

, (3.5) 

and, 

 Ὕί  ÓÉÎ . (3.6) 

In this model, ὖὠὝ (°C days) represents accumulated thermal time from emergence (day 

1) to day t. Ὕ is the daily average T, Ὕ  is set at -1.5°C, and „ is a plant growth rate fixed at 

6.9. ὠὈὈ refers to accumulated vernalization days, and ὴὬ is the daily photoperiod. ЎὝὝ began 

accumulating on October 20th, 25th , and 30th for the Piedmont, Southeastern Plains, and Middle 

Atlantic Coastal Plains regions, respectively, reflecting regional differences in optimal wheat 

sowing timing in North Carolina (Post and Heiniger 2021). Meteorological data were sourced via 

the Open-Meteo API. An extra 148 degree days were added for the sowing-to-emergence phase. 

Anthesis is reached when ὖὠὝ exceeded 500°C days at each environment. Further details on these 

functions are provided in Bogard et al. (2014) and Zhao et al. (2021). 

3.3.5. Stability selection. Stability-based LASSO-regression was used to assess joint associations 

of SNB-‗ metrics with weather variables. Stability selection is a feature selection technique in 

machine learning that combines resampling methods (such as bootstrapping) with regularized 

models to identify sparse, non-redundant sets of predictor variables. The core idea involves 

applying LASSO regularization (Tibshirani 1996) to each resampling iteration. For example, 

consider the dataset ꜠ ●ȟώ  indexed by LAG = 100, 99, 98, …, N, for one of the six ύ 

investigated. In this dataset, ώ is the vector of ‗  observed across j = 1, 2, …, n environments. 

The ●  denotes the matrix of meteorological variables, indexed by j and i = 1, 2, …, p, where p 

represents the total number of first-level weather variables. The LASSO procedure applied on 

꜠  is defined as ÁÒÇÍÉÎВ ώ В ɼ ● ‰В ȿɼ ȿ, where ‰ π is a penalty 

parameter controlling the amount of shrinkage. LASSO executes variable selection by gradually 

shrinking the model parameters ɼ to zero as ‰ increases. We generated ὄ = 1,000 bootstrap 

resampling datasets from ꜠ . The selection probability of feature Ὥ, defined as “ Ὥ, is 

calculated as: “ Ὥ ὅ ὭȾὄ, where ὅ Ὥ is selection count for that variable, obtained for the 
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same parameter ‰ over ὄ. The stability selection model ὠȟ  consists of features with “ Ὥ 

above a certain threshold “ᶰπȟρ, as defined as ὠȟ Ὥȡ “ Ὥ “. Consequently, two 

tuning parameters ‰ȟ“ for ὠȟ have to be calibrated. The tuning parameters were calibrated by 

maximizing an internal stability score derived from the likelihood of uninformative feature 

selection (Bodinier et al. 2023a). The resulting vector of stable first-level weather variable names 

was then used to subset variables within ꜠  for subsequent correlation analysis.  

3.3.6. Daily bootstrap correlations. The degree of association between stable first-level weather 

variables and ‗ was examined using Spearman’s correlation test. This rank-based correlation 

method is resilient to outliers and is often used for non-linear associations of continuous variables. 

For each stable variable and LAG of ꜠ , mean (”ᶻ) and 95% confidence interval of estimates 

”ᶻ ȟ”ᶻ  were calculated from 1,000 bootstrap correlation samples. By the Central Limit 

Theorem, the sampling distribution of ” approximates normality for sufficiently large sample sizes 

(Efron 1982). Daily correlation analyses were carried out only if at least 10 environments provided 

responses. 

3.3.7. Second-level feature engineering. Window-pane analysis identifies relevant variables 

associated with responses on a daily basis throughout the growing season. However, intermittent 

weather effects may not be sufficient to trigger biological processes leading to epidemics. To 

address this, we aggregated first-level variables that exhibited continuously significant daily 

associations (≥ 7 LAGs and πɵ ”ᶻ ȟ”ᶻ ) with ‗, defining this as the optimal 

epidemiological period in the SNB etiology. For instance, if RH.L35.dusk.sum_5 had an optimal 

epidemiological period for ‗ between LAGs 12 and 10, then the corresponding second-level 

variable would be named fa1.12_10.RH.L35.dusk.sum_5. Further, in a specific environment, if 

RH.L35.daytime.sum_5 recorded 9, 18, 14, 5, 3, 2, and 1 hours between LAGs 15 and 9, then 

fa1.12_10.RH.L35.daytime.sum_5 is calculated as 10 hours (5 + 3 + 2). This approach was 

systematically applied across all environments to generate distributions for second-level weather 

predictors. 

3.3.8. Performance of second-level weather predictors. To demonstrate the relationship 

between the identified predictors, four distinct second-level weather variables were plotted against 
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the average SNB severity for each environment. Average severity values were calculated across 

all experimental units (cultivars × blocks) within each of the 18 environments in the ‘SNB dataset’ 

from Garnica et al. (unpublished results). 

3.3.9. Software and code availability. Scripts and documentation for reproducing the results are 

available at https://github.com/vcgarnica/SNB_window_pane. The code was written in R Studio 

(version 2024.04.2) and executed in R (version 4.4.1) (R Core Team 2024). Stability selection and 

bootstrap correlation analyses were conducted on the North Carolina State University Hazel High-

Performance Computing Cluster. Custom shell and R scripts managed job execution, specifying 

core count, memory, local directory, and the R script. Correlation results for each rolling window 

dataset were saved as RData objects and imported back into R Studio for visualization. The R 

packages used included data.table, furrr , future, lubridate, meteor for obtaining site-specific 

photoperiod, openmeteo for filling weather gaps and predicting anthesis date (Pisel 2023), rstatix 

for correlation analysis, sharp for stability selection (Bodinier et al. 2023b), suncalc for site-

specific sunset and sunrise hours (Thieurmel and Elmarhraoui 2022), and tidymodels. 

 

3.4. Results 

3.4.1. Prediction of anthesis date. The anthesis date, defined as the day of the year (DOY) when 

most wheat cultivars in each environment began flowering, served as the reference point for the 

window-pane analysis. The model predicted anthesis within ±5 days of the observed dates for most 

environments, except in PY23 and SB23, where deviations of -7 and +6 days, respectively, were 

noted (Table 3.2). Observed anthesis dates ranged from DOY 100 in KS23 to DOY 118 in RO24, 

averaging DOY 108 across all environments. Predicted anthesis date ranged from DOY 103 in 

three environments to DOY 116 in RO24, and averaged DOY 107 across all environments. The 

regional averages for observed anthesis were DOY 110 (Piedmont), DOY 104 (Southeastern 

Plains), and DOY 108 (Middle Atlantic Coastal Plain). Divergences between observed and 

predicted anthesis date may be attributed to unaccounted environmental or crop management 

factors in the wheat anthesis model. 

3.4.2. Descriptive analysis. A total of 1,302 stable first-level weather variables exhibited 

significant associations with ‗ for at least one day within the study period, with ”ᶻ values ranging 

from -0.92 to 0.90. Many variables were associated with multiple ‗. For example, 1,049 were 

https://github.com/vcgarnica/SNB_window_pane
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associated with ‗, 1,090 with ‗, and 930 with ‗. However, many of these associations were 

short and intermittent throughout the growing season. For visualization, only variables with 

continuous and significant associations (≥ 7 LAGs) were retained for ‗ (Fig. 3.2), ‗ (Fig. 3.3), 

and ‗ (Fig. 3.4). Below, we describe results for each ‗ independently with emphasis on ‗, the 

dominant environmental loading driving SNB dynamics across all cultivars (Garnica et al. 

unpublished results). The complete set of first-level weather variables associated with each ‗ can 

be accessed in the project’s associated GitHub repository. 

3.4.3. Association of first-level weather variables with ⱦ. Associations with ‗ were mostly 

positive, with a few exceptions (e.g., predictor families TR.19T22nR.G0.2 and RH.40.rl.count8 

before anthesis and RH.L35 after anthesis) (Fig. 3.2). Prolonged early associations were observed 

with the families R.0.5.rl.count5, TRH.13T16nRH.G80, and TR.3T7nR.G0.2, starting around 50 

days before anthesis. For instance, R.0.5.rl.count5.dusk.sum_30, which measures the number of 

dusk events with at least 5 consecutive hours of R ≥ 0.5 mm over a 30-day rolling window, 

displayed a prolonged but moderate positive association with ‗ between LAG 46 and 5. 

TRH.13T16nRH.G80.daytime.sum_30, representing daytime hours with 13°C ≤ T ≤ 16°C and RH 

≥ 80% over a 30-day rolling window, exhibited a strong but intermittent association with ‗ 

between LAG 38 and 2, while TR.3T7nR.G0.2.dawn.sum_30, representing the number of dawn 

hours with 3°C ≤ T ≤ 7°C and R ≥ 0.2 mm, showed a shorter, positive association between LAG 

38 and 11. Additional first-level predictors such as TR.16T19nR.G0.2 and TRH.16T19nRH.G80 

were positively associated with ‗ before and around anthesis (between LAGs 20 and -10). 

Variables tracking the number of positive and negative oscillations in RH within 4 standard 

deviations of the 6-hour moving average (RH6.peak4) showed positive associations with ‗ post-

anthesis, along with predictors based on T.AMP and RH.90.rl.count8. 

Negative associations between first-level weather variables and ‗ were also detected (Fig. 

3.2). Early negative associations included first-level variables T.3T7.daytime (51 days pre-

anthesis) and RH.40.rl.count8.dusk (between LAG 54 to 35). Further, the TR.19T22nR.G0.2 family 

exhibited negative associations mid-season, between 35 and 10 days pre-anthesis. The strongest 

negative associations were found with low daytime RH (≤ 35%) post-anthesis, such as 

RH.L35.daytime.sum_30, that was negatively associated with ‗ between LAGs 2 to -20. Indices 
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based on DPD, GDD, and VPD did not exhibit continuous (≥ 7 LAGs) significant associations with 

‗ (Fig. 3.2). 

3.4.4. Associations of first-level weather variables with ⱦ. In contrast to the associations 

with ‗, the relationships between first-level weather variables and ‗ were predominantly 

negative (Fig. 3.3), with only a few exceptions (e.g., RH6.peak4.dusk, T.3T7.dawn, and 

TR.13T16nR.G0.2.dusk, each occurring at different temporal scales). Strong, early negative 

associations were identified with T.G28.dusk (between LAG 50 and 12), TRH.G28nRH.L40.dusk 

(between LAG 41 and 23), T.22T25.dusk (between LAG 20 and -4), and R.0.5.rl.count5.24h 

(between LAG 0 and -17). Notably, the T.G28.dusk family showed prolonged negative associations 

with ‗, while the T.22T25.dusk demonstrated the strongest correlations (Fig. 3.3). These results 

underscore the role of ‗-derived variables in shaping differential cultivar responses to SNB in 

multi-environment trials. 

3.4.5. Associations of first-level weather variables with ⱦ. First-level weather variables 

associated with ‗ were mostly negative, with several predictor families recurring throughout the 

time series (Fig. 3.4). Early negative associations with ‗ were detected for the 

TRH.25T28nRH.L40.dawn (between LAG 64 and 36) while mid-season negative associations were 

observed for T.3T7.dusk (between LAG 53 and 40) and TRH.10T13nRH.G80.dawn (between LAG 

41 and 27). Post-anthesis variables associated with ‗ included TRH.22T25nRH.L40.nighttime 

(between LAG 15 and -14) and TR.13T16nR.G0.2.daytime (between LAG -2 and -20). Further, 

RH6.peak4.nighttime.sum_20 reappeared negatively associated with ‗ around 30 days before 

anthesis (Fig. 3.4).  

3.4.6. Library of second-level weather predictors. The window-pane analysis involved two 

stages: first, identifying daily associations between first-level variables and ‗; second, 

consolidating these variables into optimal epidemiological periods relative to wheat anthesis. To 

qualify as second-level predictors, variables required significant, continuous correlations (≥ 7 

LAGs and πɵ ”ᶻ ȟ”ᶻ ) and a 3-day separation between periods. Based on these criteria, 

63, 23, and 44 second-level weather variables were identified for ‗ (Table 3.3), ‗ (Tables 3.4), 

and ‗ (Tables 3.5). Variables from the TRH, T, and RH families exhibited more Gaussian-like 



   

72 

 

distributions, whereas those related to R and TR conditions were more skewed due to the 

intermittent nature of R. 

One of the earliest second-level predictors derived from ‗ was 

fa1.65_58.R.0.5.rl.count5.dawn.sum_10, detected 65 days before anthesis and ranging from 0 to 8 

events (mean: 1.7) across environments (Table 3.3). A prolonged association was seen with 

fa1.41_23.TRH.13T16nRH.G80.daytime.sum_25, lasting 19 days between LAGs 41 and 23. This 

variable ranged from 144 to 731 hours across environments, representing about 3% to 15.4% of 

the possible 4,750 hours (assuming a 10-hour daytime period over a 25-day window). Another 

persistent mid-season predictor, fa1.37_18.TR.3T7nR.G0.2.dawn.sum_30 showed an optimal 

period of 20 days and values ranging from 0 to 110 hours (mean: 13.5 hours). Other pre-anthesis 

second-level predictors include fa1.9_0.T.7T10.nighttime.sum_15 and 

fa1.28_17.T.13T16.daytime.sum_30, the latter accumulating up to 1,116 hours in the highest 

environment. Post-anthesis predictors included fa1.-2_-9.RH6.peak4.daytime.sum_20 and fa1.-

10_-17.RH.L35.daytime.sum_20, among others (Table 3.3).  

The second-level predictor derived from ‗ with the longest optimal epidemiological 

period was fa2.50_21.T.G28.dusk.sum_20, with an optimal period of 30 days and values ranging 

from 0 to 40 hours (Table 3.4). Further, the pre-anthesis second-level predictor 

fa2.12_6.T.22T25.dusk.sum_20 ranged from 67 to 145 hours while the post-anthesis weather 

variable fa2.-5_-12.TRH.19T22nRH.L40.dawn.sum_10 had minimum, mean, and maximum 

values of 0, 1.4, and 8 hours, respectively (Table 3.4). Second-level weather variables derived from 

‗ are listed in Table 3.5. For example, a mid-season ‗-derived variable, 

fa3.15_1.TRH.22T25nRH.L40.nighttime.sum_15, ranged from 0 to 15 hours. 

fa3.35_29.TRH.10T13nRH.G80.dawn.sum_20 ranged from 75 to 233 hours and was associated 

with lower ‗ values (Table 3.5 and Fig. 3.4). 

3.4.7. Performance of selected weather variables. Figure 3.5 illustrates scatterplots of selected 

second-level weather variables against average SNB severity. The pre-anthesis variable 

fa1.32_26.TR.19T22nR.G0.2.daytime.sum_20 was associated with lower SNB severity (Fig. 

3.5A). Conversely, fa1.-9_-18.TRH.13T16nRH.G80.dusk.sum_30 had a positive non-linear 

association, suggesting prolonged dusk conditions with 13°C ≤ T ≤ 16°C and RH ≥ 80% post-

anthesis increase SNB severity (Fig. 3.5B). Neither fa2.3_-3.T.22T25.dusk.sum_30 or 
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fa3.52_44.T.3T7.dusk.sum_15 impacted average SNB severity (Fig. 3.5C and 3.5D). However, 

since these variables were derived from higher-order ‗s, they likely influence SNB development 

in specific cultivars rather than across all genotypes. Consequently, their effects may not be 

apparent in the scatterplots, where severity values were averaged across all units. 

 

3.5. Discussion 

This study introduces an approach to identify weather-based variables linked to 

environmental factors driving GEI effects, as demonstrated through a case study on winter wheat 

and SNB. Using a concise set of factor-analytic-derived latent variables (‗), this method captures 

weather influences that explain differential cultivar responses across multi-environment trials. 

Using this approach, 63, 23, and 44 second-level numerical weather variables were identified as 

linked to ‗, ‗, and ‗, respectively, covering a period of up to five months before wheat 

senescence. The comprehensive library has the potential to enhance SNB forecasting by 

accounting for weather-driven GEI effects, offering a robust alternative to traditional weather-

disease linkage methods that overlook GEI impacts on disease dynamics. To our knowledge, this 

is the first study providing a framework for identifying weather variables linked to GEI effects 

driving plant disease epidemics using high-throughput meteorological data. 

Weather-disease linkage analyses in botanical epidemiology often use disease incidence or 

severity data from susceptible cultivars in variety trials to identify weather variables for modeling 

(Kriss et al. 2010; Pietravalle et al. 2003). However, this approach overlooks how weather 

influences disease progression across genotypes with different resistance levels, limiting the 

generalizability of the results. Differential genotype response has been observed in the wheat-SNB 

pathosystem (Francki et al. 2020; Garnica et al. unpublished results; Mandal et al. 2024). 

Therefore, by using ‗ derived from a factor-analytic model, this method captured weather-driven 

effects across all cultivars through a smaller set of latent (unobserved) variables (Kline 1994). The 

factor-analytic model can be interpreted as originating from a multiplicative (or regression) model 

for the cultivar effects within each environment. For the effect of cultivar i in environment j, it can 

be expressed (excluding the lack of fit effect) as: ό  ‗‟ ‗‟ Ễ ‗ ‟ , where ‗  

represents latent environmental loadings and ‟  are the genotypic scores for each k factor. This 

model, analogous to multiple regression, quantifies how environmental factors influence disease 
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risk, with ‗  values ranging from -1 to +1. The ‗, ‗, and ‗ capture uncorrelated and 

complementary environmental information and as the dominant factor, ‗ accounts for most of the 

variation influencing the response across all cultivars, while ‗ and ‗ explain orthogonal, 

environmental effects. 

No single weather element consistently correlated with ‗ throughout the study period, 

highlighting the importance of using dynamic weather inputs over fixed-length variables in crop 

and disease modeling. Further, a diverse set of weather predictors was linked to ‗, including 

several variable families (e.g., R.0.5.rl.count5, TRH.13T16nRH.G80, TR.3T7nR.G0.2, 

TRH.16T19nRH.G80, TR.3T7nR.G0.2, TR.16T19nR.G0.2, TR.19T22nR.G0.2, R.2.rl.max, 

RH.L35, and RH.40.rl.count8) which emerged at varying temporal scales relative to wheat 

anthesis. In contrast, fewer predictors were linked to ‗, mostly reflecting warmer temperatures 

(e.g., T.G28.dusk) in late February and March and milder conditions (e.g., T.22T25.dusk) in April. 

These findings align with reports of temperature-sensitive wheat responses to P. nodorum infection 

(Kim and Bockus 2003). 

Persistent weather variables did not always exhibit the strongest correlations with ‗. For 

instance, R.0.5.rl.count5.dusk.sum_30 was positively associated with ‗ for almost 40 days up to 

5 days before anthesis but only qualified as a second-level variable during 46–40 and 25–5 days 

before anthesis based on current criteria. A related variable, R.0.5.rl.count5.dusk.sum_15, met the 

threshold earlier (61–53 days pre-anthesis), advancing into 

fa1.61_53.R.0.5.rl.count5.dawn.sum_15. Although these variables belong to the same family of 

weather predictors, they have different carryover effects, allowing them to capture distinct phases 

of temporal weather patterns that influence SNB dynamics. Furthermore, both variables were 

positively correlated with SNB severity, consistent with the well-established role of moisture in 

all stages of the P. nodorum life cycle (Djurle et al. 1996). 

Many of the identified weather predictors were not simple 24-hour summaries but instead 

focused on intra-day elements, particularly at dawn, dusk, and nighttime. These transitory periods 

likely affect pathogen processes such as spore deposition, infection, and spread in different ways, 

emphasizing the importance of intra-day weather variables in prediction models. El Jarroudi et al. 

(2017) and Bernard et al. (2022) reported that intra-day oscillations in T and RH were positively 

associated with Septoria leaf blotch caused by Zymoseptoria tritici. Our study similarly identified 
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the role of T and RH oscillations using variables, such as RH6.peak4.dusk and 

RH6.peak4.nighttime. For example, fa1.-2_-9.RH6.peak4.daytime.sum_20 correlated positively 

with ‗ for approximately 20 days after anthesis. Drying and wetting cycles promote spore release 

from pycnidia (Scharen 1966), suggesting that mid-season RH oscillations during peak pycnidia 

activity may contribute to severe disease epidemics. 

Our study employed a granular feature engineering approach to link weather elements with 

SNB risk. To mitigate type I error risk from the large matrix of highly correlated weather variables, 

we employed stability selection using LASSO regularization and resampling (Bodinier et al. 

2023a). This variable selection method has been successfully used in other areas, including in 

clinical modeling (Bortz et al. 2023; Peng et al. 2023). Additionally, as a latent metric, ‗ reflects 

both biotic and abiotic factors, including pathogen composition, soil, and other uncharacterized 

environmental influences beyond weather. However, given that most trials were conducted in the 

same or nearby locations across years, we assumed that variations in ‗ were mainly driven by 

weather. This assumption is supported by the low genetic variation in P. nodorum populations in 

the region (Kaur et al. 2024) and the well-established impact of weather on disease development. 

Nonetheless, other factors likely contributed to variations in ‗, which may explain why window-

pane correlations, despite reaching >|0.95|, were often lower. 

Second-level predictors were created by aggregating first-level variables that exhibited 

significant correlations over consecutive days, allowing for greater flexibility in capturing weather 

influences, even if the optimal period shifts slightly during the growing season. This approach has 

an advantage over models that use only first-level weather variables, as it can better adapt to the 

highly variable environmental conditions across different years. However, the use of rolling 

windows with aggregation of conditions over adjacent days introduces autocorrelation. 

Additionally, while feature engineering in this study was informed by knowledge about the SNB 

epidemiology, spurious associations can still be detected. An example is a variable measuring 

dawn hours with 25 ≤ T ≤ 28°C, which was flagged as associated with ‗ between 51 and 43 days 

before anthesis, yet showed mostly zero or missing values across environments, except for a single 

high-‗ environment. This underscores the need for careful predictor evaluation and external 

validation. Further, although window-pane analysis has faced criticism (Shah et al. 2019), our 

approach generated diverse range of weather variables that captured key SNB drivers while 

remaining interpretable. Furthermore, aligning weather series with predicted anthesis dates 
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adapted the framework to site- and year-specific conditions. While precise anthesis prediction is 

vital for diseases like Fusarium head blight, which require fungicide application at anthesis (Paul 

et al. 2018), SNB has a broader treatment window, permitting more flexible fungicide timing. 

There is growing interest in leveraging high-resolution meteorological data to advance 

botanical epidemiology and plant breeding, especially for understanding GEI effects on cultivar 

performance in multi-environment trials. Similar to DNA markers characterizing genotypes, 

detailed weather predictors serve as ‘environmental markers’, capturing environmental variation 

and informing predictive crop and disease models. In some ways, this approach parallels SNP 

discovery in genetics, with first-level weather variables akin to SNPs and second-level predictors 

resembling haplotypes. Therefore, the comprehensive predictor library identified here holds 

promise for refining SNB risk models and advancing climate-resilient resistant cultivar 

development. Ultimately, integrating precise meteorological inputs can enhance decision-making 

tools and strengthen the synergy between plant pathology and plant breeding. 
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Table 3.1. Description of weather variables created using feature engineering. 

Abbreviation Description 

Relative humidity (RH) % 

RH.A Mean RH 

RH.max Maximum RH 

RH.min Minimum RH 

RH.AMP Daily amplitude in RH 

RH.L35 Number of hours with RH ≤ 35% 

RH.G90 Number of hours with RH ≥ 90% 

RH.40.rl.count6 Number of events with at least 6 consecutive hours of RH ≤ 40% 

RH.90.rl.count6 Number of events with at least 6 consecutive hours of RH ≥ 90% 

RH.40.rl.count8 Number of events with at least 8 consecutive hours of RH ≤ 40% 

RH.90.rl.count8 Number of events with at least 8 consecutive hours of RH ≥ 90% 

RH6.peak4 
Number of oscillations (positive and negative) in RH within a range of 4 standard 

deviations from the 6-h moving average 

Temperature (T) °C 

T.A Mean T 

T.max Maximum T 

T.min Minimum T 

T.AMP Daily amplitude in T 

T.L0 Number of hours with T ≤ 0°C 

T.3T7 Number of hours with 3°C ≤ T ≤ 7°C 

T.7T10 Number of hours with 7°C ≤ T ≤ 10°C 

T.10T13 Number of hours with 10°C ≤ T ≤ 13°C 

T.13T16 Number of hours with 13°C ≤ T ≤ 16°C 

T.16T19 Number of hours with 16°C ≤ T ≤ 19°C 

T.19T22 Number of hours with 19°C ≤ T ≤ 22°C 

T.22T25 Number of hours with 22°C ≤ T ≤ 25°C 

T.25T28 Number of hours with 25°C ≤ T ≤ 28°C 

T.G28 Number of hours with T ≥ 28°C 

T6.peak4 
Number of oscillations (positive and negative) in T within a range of 4 standard 

deviations from the 6-h moving average 

Precipitation (R) mm 

R.S Total precipitation (mm) 

R.AH Number of hours with R > 0 mm 

R.1.rl.max Maximum number of consecutive hours with R ≥ 1 mm 

R.2.rl.max Maximum number of consecutive hours with R ≥ 2 mm 

R.0.5.rl.count5 Number of events with at least 5 consecutive hours of R ≥ 0.5 mm 

Combinations of T and RH (TRH) 

TRH.16T19nRH.L40 Number of hours with 16°C ≤ T ≤ 19°C and RH ≤ 40% 

TRH.19T22nRH.L40 Number of hours with 19°C ≤ T ≤ 22°C and RH ≤ 40% 

TRH.22T25nRH.L40 Number of hours with 22°C ≤ T ≤ 25°C and RH ≤ 40% 

TRH.25T28nRH.L40 Number of hours with 25°C ≤ T ≤ 28°C and RH ≤ 40% 

TRH.G28nRH.L40 Number of hours with T ≥ 28°C and RH ≤ 40% 

TRH.3T7nRH.G80 Number of hours with 3°C ≤ T ≤ 7°C and RH ≥ 80% 

TRH.7T10nRH.G80 Number of hours with 7°C ≤ T ≤ 10°C and RH ≥ 80% 

TRH.10T13nRH.G80 Number of hours with 10°C ≤ T ≤ 13°C and RH ≥ 80% 

TRH.13T16nRH.G80 Number of hours with 13°C ≤ T ≤ 16°C and RH ≥ 80% 

TRH.16T19nRH.G80 Number of hours with 16°C ≤ T ≤ 19°C and RH ≥ 80% 

TRH.19T22nRH.G80 Number of hours with 19°C ≤ T ≤ 22°C and RH ≥ 80% 

Combinations of T and R (TR) 

TR.3T7nR.G0.2 Number of hours with 3°C ≤ T ≤ 7°C and R ≥ 0.2 mm 

TR.7T10nR.G0.2 Number of hours with 7°C ≤ T ≤ 10°C and R ≥ 0.2 mm 

TR.10T13nR.G0.2 Number of hours with 10°C ≤ T ≤ 13°C and R ≥ 0.2 mm 

TR.13T16nR.G0.2 Number of hours with 13°C ≤ T ≤ 16°C and R ≥ 0.2 mm 
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TR.16T19nR.G0.2 Number of hours with 16°C ≤ T ≤ 19°C and R ≥ 0.2 mm 

TR.19T22nR.G0.2 Number of hours with 19°C ≤ T ≤ 22°C and R ≥ 0.2 mm 

Weather indicesa 

DPD Dew point depression (°C) 

VPD Vapor pressure deficit (kPa) 

GDD Sum of growing degree days (°C) 
a DPD was calculated as described by Bosen (1958) as: ὈὖὈ Ὕ ρρςπȢωὝὙὌȢ

ρρςπȢρὝ, where T and RH are mean air temperature (°C) and relative humidity (%), 

respectively. VPD was calculated as: ὠὖὈὠὖὛὠὖὃ, where ὠὖὛπȢφρρ
ρπȢ Ⱦ Ȣ  and ὠὖὃὠὖὛ ὙὌȾρππ, where D is the dewpoint temperature (°C). GDD 

as ὋὈὈ Ὕ Ὕ ȾςɀὝ , where Tmax and Tmin are maximum and minimum 

temperatures (°C) and Tbase was 0°C (Kimball et al. 2012). 
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Table 3.2. Difference between observed and predicted date of wheat anthesis in each environment 

in the ‘SNB dataset’ used to associate weather variables to Stagonospora nodorum blotch 

epidemics. 

Region Environment 
Observed 

anthesis date 

Observed 

anthesis 

date (DOY) 

Predicted 

anthesis 

date (DOY) 

Differencea 

Piedmont 

AL24 4/15/2024 106 107 1 

CL22 4/24/2022 114 112 -2 

MR22 4/22/2022 112 107 -5 

OX23 4/22/2023 112 110 -2 

RO24 4/27/2024 118 116 -2 

SB22 4/23/2022 113 112 -1 

SB23 4/14/2023 104 110 6 

SB24 4/15/2024 106 110 4 

UN23 4/20/2023 110 106 -4 

Southeastern 

Plains 

KS22 4/17/2022 107 104 -3 

KS23 4/10/2023 100 103 3 

KS24 4/13/2024 104 106 2 

LB23 4/18/2023 108 103 -5 

LB24 4/18/2024 109 106 -3 

RW22 4/13/2022 103 103 0 

Middle Atlantic  

Coastal Plain 

BE24 4/13/2024 104 109 5 

PY22 4/20/2022 110 112 2 

PY23 4/22/2023 112 105 -7 
a Refers to the difference between the observed date of anthesis and predicted date, based on the 

modified version of the mechanistic SIMPLACE model by Zhao et al. (2021). 
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Table 3.3. Descriptive statistics of the first-level weather predictors associated with first-factor loading (‗) in the ‘SNB dataset’, along 

with their respective start and end LAGs, duration, and corresponding second-level variables.  

First-level variable LAG start LAG end 
Duration 

(days) 
Second-level variable 

Descriptive statisticsa (hours or events) 

NAb min q1 mean q3 max 

Pre-anthesis 

R.0.5.rl.count5.dawn.sum_10 65 58 8 fa1.65_58.R.0.5.rl.count5.dawn.sum_10 3 0 0 1.7 2.5 8 

R.0.5.rl.count5.dawn.sum_15 61 53 9 fa1.61_53.R.0.5.rl.count5.dawn.sum_15 7 0 0 3.3 9 9 
T.3T7.daytime.sum_15 60 51 10 fa1.60_51.T.3T7.daytime.sum_15 3 15 53 79 99 149 

R.0.5.rl.count5.dawn.sum_20 56 48 9 fa1.56_48.R.0.5.rl.count5.dawn.sum_20 7 0 0 3.3 9 9 

T.3T7.daytime.sum_20 56 50 7 fa1.56_50.T.3T7.daytime.sum_20 7 18 53 71.4 90 128 

R.2.rl.max.daytime.sum_20 54 48 7 fa1.54_48.R.2.rl.max.daytime.sum_20 2 0 0 11.3 19.5 33 

R.0.5.rl.count5.dusk.sum_25 51 45 7 fa1.51_45.R.0.5.rl.count5.dusk.sum_25 7 0 0 1.4 1.5 7 

T.10T13.daytime.sum_25 51 44 8 fa1.51_44.T.10T13.daytime.sum_25 7 219 331.5 387.5 471.5 555 
RH.40.rl.count8.dusk.sum_20 49 43 7 fa1.49_43.RH.40.rl.count8.dusk.sum_20 1 0 0 2.5 7 7 

TRH.13T16nRH.G80.daytime.sum_10 49 43 7 fa1.49_43.TRH.13T16nRH.G80.daytime.sum_10 0 12 23.2 56.5 85 162 

R.0.5.rl.count5.dusk.sum_30 46 40 7 fa1.46_40.R.0.5.rl.count5.dusk.sum_30 7 0 0 2.5 6.5 7 
T.10T13.daytime.sum_30 46 40 7 fa1.46_40.T.10T13.daytime.sum_30 7 225 339 399.9 477 565 

TRH.13T16nRH.G80.daytime.sum_20 46 33 14 fa1.46_33.TRH.13T16nRH.G80.daytime.sum_20 0 46 166.8 222.6 276.5 419 

TRH.13T16nRH.G80.daytime.sum_15 45 35 11 fa1.45_35.TRH.13T16nRH.G80.daytime.sum_15 0 27 95.2 143.4 192 287 
RH.40.rl.count8.dusk.sum_25 44 38 7 fa1.44_38.RH.40.rl.count8.dusk.sum_25 1 0 0 2.5 7 7 

TRH.13T16nRH.G80.daytime.sum_25 41 23 19 fa1.41_23.TRH.13T16nRH.G80.daytime.sum_25 0 144 275 370.3 428 731 
TR.3T7nR.G0.2.dawn.sum_25 39 23 17 fa1.39_23.TR.3T7nR.G0.2.dawn.sum_25 0 0 0 9.6 0 70 

TR.3T7nR.G0.2.nighttime.sum_30 38 19 20 fa1.38_19.TR.3T7nR.G0.2.nighttime.sum_30 1 0 0 7.4 0 66 

TR.3T7nR.G0.2.dawn.sum_30 37 18 20 fa1.37_18.TR.3T7nR.G0.2.dawn.sum_30 1 0 0 13.5 0 110 
TRH.13T16nRH.G80.daytime.sum_30 36 18 19 fa1.36_18.TRH.13T16nRH.G80.daytime.sum_30 0 194 316.8 424.4 488 837 

TR.3T7nR.G0.2.dawn.sum_20 33 26 8 fa1.33_26.TR.3T7nR.G0.2.dawn.sum_20 0 0 0 4.9 0 40 

TR.3T7nR.G0.2.nighttime.sum_20 33 26 8 fa1.33_26.TR.3T7nR.G0.2.nighttime.sum_20 0 0 0 2.7 0 24 
TR.19T22nR.G0.2.daytime.sum_20 32 26 7 fa1.32_26.TR.19T22nR.G0.2.daytime.sum_20 0 0 0 10.4 16.8 51 

TR.19T22nR.G0.2.daytime.sum_30 30 20 11 fa1.30_20.TR.19T22nR.G0.2.daytime.sum_30 0 0 2.2 25.2 36 91 

TR.3T7nR.G0.2.nighttime.sum_25 29 23 7 fa1.29_23.TR.3T7nR.G0.2.nighttime.sum_25 0 0 0 2.3 0 21 
T.13T16.daytime.sum_20 28 17 12 fa1.28_17.T.13T16.daytime.sum_20 0 322 410.5 566.7 703.5 785 

T.13T16.daytime.sum_30 28 17 12 fa1.28_17.T.13T16.daytime.sum_30 0 477 637.5 813.8 961.5 1,116 

TR.19T22nR.G0.2.dawn.sum_25 28 22 7 fa1.28_22.TR.19T22nR.G0.2.dawn.sum_25 0 0 0 9.7 12.2 42 
TR.19T22nR.G0.2.dawn.sum_15 26 20 7 fa1.26_20.TR.19T22nR.G0.2.dawn.sum_15 0 0 0 7.8 13.5 36 

TR.19T22nR.G0.2.dawn.sum_30 26 19 8 fa1.26_19.TR.19T22nR.G0.2.dawn.sum_30 0 0 0.2 14.2 22 64 

R.0.5.rl.count5.dusk.sum_30 25 5 21 fa1.25_5.R.0.5.rl.count5.dusk.sum_30 0 0 0 8.2 15 28 
R.0.5.rl.count5.dusk.sum_20 23 15 9 fa1.23_15.R.0.5.rl.count5.dusk.sum_20 0 0 0 2.5 6.8 9 

TRH.10T13nRH.G80.daytime.sum_30 20 14 7 fa1.20_14.TRH.10T13nRH.G80.daytime.sum_30 0 17 67.8 109.2 147.5 179 

R.0.5.rl.count5.dusk.sum_25 18 8 11 fa1.18_8.R.0.5.rl.count5.dusk.sum_25 0 0 0 3.3 8.5 14 

TR.13T16nR.G0.2.nighttime.sum_15 17 9 9 fa1.17_9.TR.13T16nR.G0.2.nighttime.sum_15 0 0 0 18.7 26.5 81 

TR.13T16nR.G0.2.nighttime.sum_20 14 4 11 fa1.14_4.TR.13T16nR.G0.2.nighttime.sum_20 0 0 0 24.4 32.5 99 

T.7T10.nighttime.sum_15 9 0 10 fa1.9_0.T.7T10.nighttime.sum_15 0 188 217.8 273.4 333.2 387 
T.7T10.nighttime.sum_30 9 1 9 fa1.9_1.T.7T10.nighttime.sum_30 0 383 464.2 521.6 570 676 

TR.13T16nR.G0.2.nighttime.sum_25 9 1 9 fa1.9_1.TR.13T16nR.G0.2.nighttime.sum_25 0 0 0 21.2 27 81 

TRH.16T19nRH.G80.daytime.sum_25 7 1 7 fa1.7_1.TRH.16T19nRH.G80.daytime.sum_25 0 47 66.2 98.4 123.8 181 
Post-anthesis 

TR.16T19nR.G0.2.24h.sum_30 7 -5 13 fa1.7_-5.TR.16T19nR.G0.2.24h.sum_30 0 47 75.8 114.3 132.2 266 



   

86 

 

TR.16T19nR.G0.2.dawn.sum_10 7 -2 10 fa1.7_-2.TR.16T19nR.G0.2.dawn.sum_10 0 0 0 9.1 15.5 46 
TR.16T19nR.G0.2.dawn.sum_15 7 -5 13 fa1.7_-5.TR.16T19nR.G0.2.dawn.sum_15 0 0 0 17 27.5 74 

TR.16T19nR.G0.2.dawn.sum_20 6 -5 12 fa1.6_-5.TR.16T19nR.G0.2.dawn.sum_20 0 0 0 19.8 34.2 82 

TRH.16T19nRH.G80.daytime.sum_30 6 -5 12 fa1.6_-5.TRH.16T19nRH.G80.daytime.sum_30 0 113 142.5 200.7 239.8 354 
TR.13T16nR.G0.2.nighttime.sum_30 4 -3 8 fa1.4_-3.TR.13T16nR.G0.2.nighttime.sum_30 0 0 0 20 24 79 

TR.16T19nR.G0.2.dawn.sum_25 1 -5 7 fa1.1_-5.TR.16T19nR.G0.2.dawn.sum_25 0 0 0 13.7 21 52 

T.AMP.dawn.mean_10 0 -7 8 fa1.0_-7.T.AMP.dawn.mean_10 0 36.8 59.2 63.7 70.9 78 
T.AMP.dawn.mean_15 0 -8 9 fa1.0_-8.T.AMP.dawn.mean_15 0 41.4 65.3 69 76 84 

RH6.peak4.daytime.sum_20 -2 -9 8 fa1.-2_-9.RH6.peak4.daytime.sum_20 0 60 121.2 135.7 163.5 197 

T.AMP.dawn.mean_20 -3 -9 7 fa1.-3_-9.T.AMP.dawn.mean_20 0 20.4 51.8 52.1 58.7 64.5 
TR.16T19nR.G0.2.dawn.sum_30 -4 -11 8 fa1.-4_-11.TR.16T19nR.G0.2.dawn.sum_30 0 0 0 18.9 25.5 84 

RH.90.rl.count8.dusk.sum_10 -7 -15 9 fa1.-7_-15.RH.90.rl.count8.dusk.sum_10 2 0 0 1.9 1 11 

RH.90.rl.count8.dusk.sum_15 -7 -15 9 fa1.-7_-15.RH.90.rl.count8.dusk.sum_15 2 0 0 2.3 3 11 

RH.L35.daytime.sum_25 -7 -16 10 fa1.-7_-16.RH.L35.daytime.sum_25 2 0 24.5 150.9 253.2 391 

RH.L35.daytime.sum_30 -8 -20 13 fa1.-8_-20.RH.L35.daytime.sum_30 2 0 57.5 222.1 340 696 

TRH.13T16nRH.G80.dusk.sum_30 -9 -18 10 fa1.-9_-18.TRH.13T16nRH.G80.dusk.sum_30 2 12 77 122.8 165 233 
RH.L35.daytime.sum_20 -10 -17 8 fa1.-10_-17.RH.L35.daytime.sum_20 2 0 18.5 87.6 140.8 204 

RH6.peak4.nighttime.sum_30 -10 -17 8 fa1.-10_-17.RH6.peak4.nighttime.sum_30 6 27 68 99.8 129.8 159 

TRH.13T16nRH.G80.nighttime.sum_30 -11 -17 7 fa1.-11_-17.TRH.13T16nRH.G80.nighttime.sum_30 6 173 231.5 305.8 359.5 435 
RH6.peak4.daytime.sum_15 -12 -18 7 fa1.-12_-18.RH6.peak4.daytime.sum_15 4 69 107 115.9 132.8 154 

RH6.peak4.daytime.sum_25 -13 -19 7 fa1.-13_-19.RH6.peak4.daytime.sum_25 4 85 147.8 169.4 189.2 229 

RH6.peak4.daytime.sum_30 -14 -20 7 fa1.-14_-20.RH6.peak4.daytime.sum_30 4 79 172 188.4 228.5 262 
a NA: number of missing values, min = minimum, q1 = first quartile, q3 = third quartile, and max = maximum values. ‘Count’-based 

variables (e.g., R.0.5.rl.count5.dusk.sum_15) and ‘peak’-based variables (e.g., RH6.peak4.nighttime.sum_10) measure the number of 

events during the optimal period, while other variables indicate accumulated hours. 
b Higher missingness in descriptive summary at the beginning and end of the season was due to variations in crop growing season length 

among environments. However, no correlation analyses were conducted if at least 10 environments provided responses. 
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Table 3.4. Descriptive statistics of the first-level weather predictors associated with second-factor loading (‗) in the ‘SNB dataset’, 

along with their respective start and end LAGs, duration, and corresponding second-level variables. 

First-level variable LAG start LAG end 
Duration 

(days) 
Second-level variable 

Descriptive statisticsa (hours or events) 

NAb min q1 mean q3 max 
Pre-anthesis 

T.3T7.dawn.sum_15 58 52 7 fa2.58_52.T.3T7.dawn.sum_15 2 75 143.5 172.8 208.8 241 

T.3T7.dawn.sum_20 55 49 7 fa2.55_49.T.3T7.dawn.sum_20 3 97 181.5 230.9 261.5 352 
T.G28.dusk.sum_20 50 21 30 fa2.50_21.T.G28.dusk.sum_20 2 0 0 5 0 40 

T.G28.dusk.sum_25 49 25 25 fa2.49_25.T.G28.dusk.sum_25 2 0 0 5.3 0 46 

T.G28.dusk.sum_15 48 21 28 fa2.48_21.T.G28.dusk.sum_15 0 0 0 5.3 0 42 

T.3T7.dawn.sum_30 45 39 7 fa2.45_39.T.3T7.dawn.sum_30 3 119 245.5 279.5 329.5 401 

T.G28.dusk.sum_10 43 33 11 fa2.43_33.T.G28.dusk.sum_10 0 0 0 2.4 0 20 

TRH.G28nRH.L40.dusk.sum_10 41 35 7 fa2.41_35.TRH.G28nRH.L40.dusk.sum_10 0 0 0 1 0 11 
T.G28.dusk.sum_30 40 21 20 fa2.40_21.T.G28.dusk.sum_30 2 0 0 5 0 40 

TRH.G28nRH.L40.dusk.sum_20 31 25 7 fa2.31_25.TRH.G28nRH.L40.dusk.sum_20 0 0 0 1.2 0 14 

T.22T25.dusk.sum_20 12 6 7 fa2.12_6.T.22T25.dusk.sum_20 0 67 88.5 107.8 130.8 145 
T.22T25.dusk.sum_25 7 0 8 fa2.7_0.T.22T25.dusk.sum_25 0 113 148.2 173.3 199 220 

Post-anthesis 

T.22T25.dusk.sum_30 3 -3 7 fa2.3_-3.T.22T25.dusk.sum_30 0 128 165.8 186.9 212.5 244 
RH6.peak4.dusk.sum_20 2 -5 8 fa2.2_-5.RH6.peak4.dusk.sum_20 0 43 62 78.4 88.8 123 

RH6.peak4.dusk.sum_30 2 -11 14 fa2.2_-11.RH6.peak4.dusk.sum_30 0 108 156 186.3 208.5 277 
TR.19T22nR.G0.2.daytime.sum_15 1 -6 8 fa2.1_-6.TR.19T22nR.G0.2.daytime.sum_15 0 0 0 10.9 23 39 

RH6.peak4.dusk.sum_25 -1 -9 9 fa2.-1_-9.RH6.peak4.dusk.sum_25 0 61 85.5 105.6 122 167 

R.0.5.rl.count5.24h.sum_20 -2 -11 10 fa2.-2_-11.R.0.5.rl.count5.24h.sum_20 0 0 6.5 10.3 10.8 33 
TRH.19T22nRH.L40.dawn.sum_15 -4 -11 8 fa2.-4_-11.TRH.19T22nRH.L40.dawn.sum_15 0 0 0 2.8 6.2 10 

TRH.19T22nRH.L40.dawn.sum_10 -5 -12 8 fa2.-5_-12.TRH.19T22nRH.L40.dawn.sum_10 0 0 0 1.4 0.8 8 

R.0.5.rl.count5.24h.sum_25 -7 -13 7 fa2.-7_-13.R.0.5.rl.count5.24h.sum_25 2 0 7 8.9 11.8 24 
TR.13T16nR.G0.2.dusk.sum_20 -7 -16 10 fa2.-7_-16.TR.13T16nR.G0.2.dusk.sum_20 2 0 0 3.8 7.5 20 

TR.13T16nR.G0.2.dusk.sum_25 -10 -19 10 fa2.-10_-19.TR.13T16nR.G0.2.dusk.sum_25 2 0 0 3.8 9.2 14 
a NA: number of missing values, min = minimum, q1 = first quartile, q3 = third quartile, and max = maximum values. ‘Count’-based 

variables (e.g., R.0.5.rl.count5.24h.sum_25) and ‘peak’-based variables (e.g., RH6.peak4.dusk.sum_25) measure the number of events 

during the optimal period, while other variables indicate accumulated hours. 
b Higher missingness in descriptive summary at the beginning and end of the season was due to variations in crop growing season length 

among environments. However, no correlation analyses were conducted if at least 10 environments provided responses. 
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Table 3.5. Descriptive statistics of the first-level weather predictors associated with third-factor loading (‗) in the ‘SNB dataset’, along 

with their respective start and end LAGs, duration, and corresponding second-level variables.  

First-level variable 
LAG 

start 

LAG 

end 

Duration 

(days) 
Second-level variable 

Descriptive statisticsa (hours or events) 

NAb min q1 mean q3 max 
Pre-anthesis 

T.25T28.dawn.sum_10 64 57 8 fa3.64_57.T.25T28.dawn.sum_10 2 0 0 0.5 0 8 

TRH.25T28nRH.L40.24h.sum_10 64 56 9 fa3.64_56.TRH.25T28nRH.L40.24h.sum_10 2 0 0 0.6 0 9 
TRH.25T28nRH.L40.dawn.sum_10 64 56 9 fa3.64_56.TRH.25T28nRH.L40.dawn.sum_10 2 0 0 0.6 0 9 

TRH.25T28nRH.L40.daytime.sum_10 64 56 9 fa3.64_56.TRH.25T28nRH.L40.daytime.sum_10 2 0 0 0.6 0 9 

TRH.25T28nRH.L40.24h.sum_15 59 52 8 fa3.59_52.TRH.25T28nRH.L40.24h.sum_15 2 0 0 0.5 0 8 

TRH.25T28nRH.L40.dawn.sum_15 59 51 9 fa3.59_51.TRH.25T28nRH.L40.dawn.sum_15 2 0 0 0.6 0 9 

TRH.25T28nRH.L40.daytime.sum_15 59 52 8 fa3.59_52.TRH.25T28nRH.L40.daytime.sum_15 2 0 0 0.5 0 8 

TRH.25T28nRH.L40.dawn.sum_20 54 46 9 fa3.54_46.TRH.25T28nRH.L40.dawn.sum_20 2 0 0 0.6 0 9 
T.3T7.dusk.sum_15 52 44 9 fa3.52_44.T.3T7.dusk.sum_15 1 18 27 58.2 80 128 

T.3T7.dusk.sum_20 49 40 10 fa3.49_40.T.3T7.dusk.sum_20 1 31 42 81.2 117 202 

TRH.25T28nRH.L40.dawn.sum_25 49 41 9 fa3.49_41.TRH.25T28nRH.L40.dawn.sum_25 2 0 0 0.6 0 9 
T.AMP.dawn.mean_30 45 39 7 fa3.45_39.T.AMP.dawn.mean_30 3 36 42.1 44.6 48.2 50 

TRH.25T28nRH.L40.dawn.sum_30 44 36 9 fa3.44_36.TRH.25T28nRH.L40.dawn.sum_30 2 0 0 0.6 0 9 

TRH.10T13nRH.G80.dawn.sum_20 35 29 7 fa3.35_29.TRH.10T13nRH.G80.dawn.sum_20 0 75 103 149.4 172 233 
TRH.10T13nRH.G80.dawn.sum_25 34 28 7 fa3.34_28.TRH.10T13nRH.G80.dawn.sum_25 0 109 125.5 174.3 222.2 262 

TRH.13T16nRH.G80.daytime.sum_20 34 22 13 fa3.34_22.TRH.13T16nRH.G80.daytime.sum_20 0 113 157 202.3 205.8 434 
TRH.3T7nRH.G80.daytime.sum_5 34 27 8 fa3.34_27.TRH.3T7nRH.G80.daytime.sum_5 0 0 0 1.4 0 21 

VPD.dawn.mean_20 33 26 8 fa3.33_26.VPD.dawn.mean_20 0 2.6 2.8 3 3.3 3.5 

R.2.rl.max.daytime.sum_30 30 24 7 fa3.30_24.R.2.rl.max.daytime.sum_30 0 0 14 29.1 46.5 67 
TRH.3T7nRH.G80.daytime.sum_10 29 22 8 fa3.29_22.TRH.3T7nRH.G80.daytime.sum_10 0 0 0 1.6 0 24 

TRH.13T16nRH.G80.daytime.sum_25 28 21 8 fa3.28_21.TRH.13T16nRH.G80.daytime.sum_25 0 84 107.2 146.1 139.8 328 

VPD.dawn.mean_25 28 20 9 fa3.28_20.VPD.dawn.mean_25 0 3.1 3.4 3.6 3.7 4 
RH.90.rl.count6.dusk.sum_20 19 13 7 fa3.19_13.RH.90.rl.count6.dusk.sum_20 0 0 1.2 7.9 12 21 

RH6.peak4.nighttime.sum_15 18 12 7 fa3.18_12.RH6.peak4.nighttime.sum_15 0 5 18.5 26.8 33.8 53 

RH6.peak4.nighttime.sum_20 17 11 7 fa3.17_11.RH6.peak4.nighttime.sum_20 0 13 30.5 36.7 47.8 67 
TRH.19T22nRH.L40.nighttime.sum_10 15 9 7 fa3.15_9.TRH.19T22nRH.L40.nighttime.sum_10 0 0 0 0.9 0 9 

TRH.19T22nRH.L40.nighttime.sum_15 15 9 7 fa3.15_9.TRH.19T22nRH.L40.nighttime.sum_15 0 0 0 0.9 0 9 

TRH.19T22nRH.L40.nighttime.sum_20 15 9 7 fa3.15_9.TRH.19T22nRH.L40.nighttime.sum_20 0 0 0 0.9 0 10 
TRH.22T25nRH.L40.dusk.sum_30 15 8 8 fa3.15_8.TRH.22T25nRH.L40.dusk.sum_30 0 0 16 27.9 39.2 79 

TRH.22T25nRH.L40.nighttime.sum_15 15 1 15 fa3.15_1.TRH.22T25nRH.L40.nighttime.sum_15 0 0 0 1.4 0 15 

TRH.22T25nRH.L40.nighttime.sum_10 13 6 8 fa3.13_6.TRH.22T25nRH.L40.nighttime.sum_10 0 0 0 0.8 0 8 
T.16T19.dawn.sum_25 11 2 10 fa3.11_2.T.16T19.dawn.sum_25 0 308 355.8 387.3 418.2 470 

Post-anthesis 

TRH.22T25nRH.L40.nighttime.sum_30 15 -14 30 fa3.15_-14.TRH.22T25nRH.L40.nighttime.sum_30 4 0 0 3.9 0 29 

TRH.22T25nRH.L40.nighttime.sum_20 11 -4 16 fa3.11_-4.TRH.22T25nRH.L40.nighttime.sum_20 0 0 0 1.8 0 16 

TRH.22T25nRH.L40.nighttime.sum_25 7 -9 17 fa3.7_-9.TRH.22T25nRH.L40.nighttime.sum_25 2 0 0 2.1 0 17 

TR.13T16nR.G0.2.daytime.sum_20 -6 -13 8 fa3.-6_-13.TR.13T16nR.G0.2.daytime.sum_20 2 0 5.5 19.9 32.2 56 
TR.13T16nR.G0.2.daytime.sum_30 -9 -18 10 fa3.-9_-18.TR.13T16nR.G0.2.daytime.sum_30 2 0 6.8 28.7 45 79 

TR.13T16nR.G0.2.daytime.sum_25 -10 -18 9 fa3.-10_-18.TR.13T16nR.G0.2.daytime.sum_25 2 0 3.5 22.9 39.2 65 

TRH.22T25nRH.L40.nighttime.sum_30 15 -14 30 fa3.15_-14.TRH.22T25nRH.L40.nighttime.sum_30 4 0 0 3.9 0 29 
TRH.22T25nRH.L40.nighttime.sum_20 11 -4 16 fa3.11_-4.TRH.22T25nRH.L40.nighttime.sum_20 0 0 0 1.8 0 16 

TRH.22T25nRH.L40.nighttime.sum_25 7 -9 17 fa3.7_-9.TRH.22T25nRH.L40.nighttime.sum_25 2 0 0 2.1 0 17 
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TR.13T16nR.G0.2.daytime.sum_20 -6 -13 8 fa3.-6_-13.TR.13T16nR.G0.2.daytime.sum_20 2 0 5.5 19.9 32.2 56 
TR.13T16nR.G0.2.daytime.sum_30 -9 -18 10 fa3.-9_-18.TR.13T16nR.G0.2.daytime.sum_30 2 0 6.8 28.7 45 79 

TR.13T16nR.G0.2.daytime.sum_25 -10 -18 9 fa3.-10_-18.TR.13T16nR.G0.2.daytime.sum_25 2 0 3.5 22.9 39.2 65 
a NA: number of missing values, min = minimum, q1 = first quartile, q3 = third quartile, and max = maximum values. . ‘Count’-based 

variables (e.g., RH.90.rl.count6.dusk.sum_20) and ‘peak’ base (e.g., RH6.peak4.nighttime.sum_20) measure the number of events during 

the optimal period, while other variables indicate accumulated hours. 
b Higher missingness in descriptive summary at the beginning and end of the season was due to variations in crop growing season length 

among environments. However, no correlation analyses were conducted if at least 10 environments provided responses. 
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Figure 3.1. Schematic representation of the workflow adopted in the window-pane study to 

identify weather variables associated with Stagonospora nodorum blotch in winter wheat. 
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Figure 3.2. Heatmap illustrating the temporal relationships of first-level weather variables (y-axis) 

across the growing season (x-axis) relative to the anthesis date for the first-factor loading (‗) of 

foliar severity of Stagonospora nodorum blotch in winter wheat. Colors in the heatmap denote the 

strength of associations, ranging from -1 to +1, assessed daily throughout the time series. 
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Figure 3.3. Heatmap illustrating the temporal relationships of first-level weather variables (y-axis) 

across the growing season (x-axis) relative to the anthesis date for the second-factor loading (‗) 

of foliar severity of Stagonospora nodorum blotch in winter wheat. Colors in the heatmap denote 

the strength of associations, ranging from -1 to +1, assessed daily throughout the time series. 
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Figure 3.4. Heatmap illustrating the temporal relationships of first-level weather variables (y-axis) 

across the growing season (x-axis) relative to the anthesis date for the third-factor loading (‗) of 

foliar severity of Stagonospora nodorum blotch in winter wheat. Colors in the heatmap denote the 

strength of associations, ranging from -1 to +1, assessed daily throughout the time series. 
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Figure 3.5. Scatterplot of four selected second-level weather variables versus the average 

Stagonospora nodorum blotch (SNB) severity across environments from the ‘SNB dataset’. A) 

The number of daytime hours with air temperatures between 19°C and 22°C and precipitation ≥ 

0.2 mm) over a 20-day rolling period between LAGs 32 and 26 

(fa1.32_26.TR.19T22nR.G0.2.daytime.sum_20); B) the number of dusk hours with air 

temperatures between 13°C and 16°C and relative humidity ≥ 80% over a 30-day rolling period 

between LAGs -9 and -18 (fa1.-9_-18.TRH.13T16nRH.G80.dusk.sum_30); C) the number of dusk 

hours with air temperatures between 22°C and 25°C over a 30-day rolling period between LAGs 3 

and -3 (fa2.3_-3.T.22T25.dusk.sum_30); and D) the number of dusk hours with air temperature 

between 3°C and 7°C over a 15-day rolling period between LAGs 52 and 44 

(fa3.52_44.T.3T7.dusk.sum_15). A gray smooth line with a light gray confidence interval was 

fitted using a generalized additive model (GAM) with cubic splines, implemented via the 

geom_smooth function in the R package ggplot2. 
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4.1. Abstract 

Accurate prediction of Stagonospora nodorum blotch (SNB) epidemics remains a significant 

obstacle in developing decision support systems (DSS) for optimal fungicide decision-making in 

winter wheat. This challenge arises from the sporadic nature of SNB dynamics in the landscape, 

driven by complex biotic and abiotic factors often overlooked by traditional prediction models. 

Integrating high-resolution weather variables into uncertainty-aware statistical frameworks offers 

a promising approach to address some of these limitations. This study introduces generalized linear 

mixed-effects Bayesian models to predict end-of-season SNB foliar severity. The model 

incorporates categorical pre-planting factors (such as cultivar resistance classes and wheat 

residue), disease onset timing, and up to 153 pre-anthesis weather predictors derived from hourly 

meteorological data collected from January until wheat anthesis. Using data from 151 SNB 

epidemic cases in North Carolina between 2021 and 2024, nine Bayesian models featuring various 

weather predictor configurations were evaluated against an XGBoost model. Model performance 

was assessed using statistical indices, including root mean square error (RMSE) and predictive 

interval coverage probability (PICP). The fixed-effects baseline model, which included only pre-

planting and disease onset factors, yielded an RMSE of 5.91% and a PICP of 100%. Models 

incorporating 6 or 57 weather variables reduced RMSE to between 4.64% and 4.24%, with a 

slightly lower PICP. The most complex model, with 153 pre-anthesis weather variables, achieved 

an RMSE of 4.27% and a PICP of 100%, while the XGBoost model had an RMSE of 5.53%. All 

models underpredicted severity values above 15%, likely due to the absence of full-season weather 

data and other unaccounted-for factors. The selected hierarchical Bayesian model, which included 

pre-planting and disease onset factors along with 6 pre-anthesis weather variables shrunk using an 

R2D2 prior, was chosen for its optimal balance of complexity and predictive performance. This 

study presents a set of probabilistic models to predict SNB epidemics, offering valuable candidates 

for DSS-based SNB fungicide strategies. 

 

Keywords: Environmental covariates, leaf and glume blotch, machine learning, plant disease 

prediction, shrinkage priors, XGBoost 
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4.2. Introduction 

Stagonospora nodorum blotch (SNB), a wheat disease affecting leaves and glumes, is 

caused by the fungal pathogen Parastagonospora nodorum (Quaedvlieg et al. 2013). The disease 

is ubiquitous in warm regions with high or intermittent rainfall in Africa, Australia, Canada, 

Europe, South America, and the U.S. (Bergstrom 2010; Shipton et al. 1971). Foliar symptoms 

manifest initially as small, dark lesions on the lower wheat canopy, which eventually coalesce, 

causing extensive blighting within 30 to 50 days (Shanner and Buechley 1995). The reduction in 

photosynthetic leaf area, coupled with head infections, can result in yield losses exceeding 30% 

under favorable conditions (Bhathal et al. 2003). However, the occurrence of severe SNB 

epidemics in agricultural systems is highly variable, driven by complex interactions between the 

host, pathogen, environment, and crop management practices (Allingham and Jackson 1981; 

Hjelkrem et al. 2021; Krupinsky et al. 2007; Lin et al. 2020). Fungicide applications are based on 

established disease thresholds, typically targeting key wheat growth stages from flag leaf 

emergence to booting and sometimes extending to the flowering stage (Ficke et al. 2018; Willyerd 

et al. 2015). However, the sporadic occurrence of severe SNB epidemics complicates calendar-

based fungicide sprays. Alternatively, decision support systems (DSSs) help farmers assess 

intervention needs based on estimated disease risk, enabling more efficient and targeted fungicide 

allocation (Gent et al. 2013).  

The effectiveness of DSSs depends on the accuracy of underlying models in predicting 

SNB epidemics at different spatial scales. Over the past three decades, extensive modeling has 

identified key epidemiological factors influencing the occurrence of SNB and the leaf blotch 

complex of wheat in Europe and the U.S. (Bartosiak et al. 2021; Beyer et al. 2022; Chaloner et al. 

2019; El Jarroudi et al. 2017; Hjelkrem et al. 2021). First-generation models used thresholds of 

precipitation, humidity, and temperature (Hansen et al. 1994; Tyldesley and Thompson 1980), later 

expanding to include parameters such as radiation, leaf wetness, and wind speed (Pietravalle et al. 

2003). Contemporary models are multimodal, integrating host, environment, and even pathogen 

virulence factors (Beyer et al. 2022; Chaloner et al. 2019; González-Domínguez et al. 2023; 

Gouache et al. 2013). In North Carolina, two SNB risk assessment frameworks have been 

developed so far. The first predicts the end-of-season SNB severity using pre-planting factors such 

as cultivar resistance, latitude and longitude (location), wheat residue levels (Mehra et al. 2016). 

The second predicts disease onset (early or late) based on wheat residue presence, location, and a 
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daily infection index calculated using precipitation, humidity, and temperature from the end of 

tillering to two weeks before stem elongation (Mehra et al. 2017). While internal validation 

showed excellent performance of the onset model, external validation revealed low specificity and 

over-prediction in the Piedmont region (Adhikari et al. 2023). This suggests a need to revisit 

predictors that more effectively capture SNB dynamics and to adopt modeling frameworks that 

account for uncertainty in predictions, enabling more assertive decision-making. 

Plant disease models should capture system complexity while accounting for key 

ecological processes relevant to predicting future disease states. However, aligning empirical data 

with these theoretical frameworks is challenging. First, models are abstractions that often simplify 

complex, multidimensional problems into a few key parameters that only approximate the true 

system. This will often lead to the omission of critical details about underlying mechanisms driving 

responses, resulting in insights that are discursively obscure (Hobbs and Hooten 2015). Addressing 

this uncertainty requires a shift from seeking a single optimal value to considering a range of 

plausible parameter values. Second, plant disease data are inherently hierarchical, with nested 

relationships among abiotic and biotic components that act as both parts and wholes (Madden and 

Paul 2009). For example, observations from environments within the same region or year often 

share similar data-generating processes, creating dependencies that must be accounted for in the 

model. 

Bayesian models provide a powerful framework for handling uncertainties and hierarchical 

structures in ecological systems (Ellison 2004). Unlike frequentist methods, they incorporate prior 

information and update estimates with new data, making them well-suited for dynamic plant 

disease modeling (Ojiambo and Kang 2013). Bayesian models effectively address convergence 

issues in hierarchical contexts and capture variable relationships using variance-covariance 

structures (Aguilar and Bürkner 2023). Through MCMC simulations, Bayesian models yield 

empirical posterior estimates, allowing for point estimates and credible intervals for the posterior 

mean. Moreover, the advent of big data and high-throughput environmental datasets has broadened 

the analytical landscape in botanical epidemiology (González-Domínguez et al. 2023). At the 

environment–climate interface, weather variable screening methods in plant pathology often rely 

on 'single-variable analysis' (Garnica and Ojiambo unpublished; Shah et al. 2019), which typically 

overlook the combined effects of multiple weather variables, particularly those with small effects, 

leading to numerous correlated predictors. Yet even environmental factors with small effects can 
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collectively influence predictions. Shrinkage priors in Bayesian modeling aid in estimating and 

adjusting regression coefficients, preventing overfitting even when the number of predictors is 

large and data are sparse (Aguilar and Bürkner 2023; van Erp et al. 2019). These priors have been 

applied in genomic selection (Boatwright et al. 2023; Guan and Stephens 2011), where many 

covariates exist but only a few are relevant, scenario similar to models with a large number of 

weather predictors. 

Building on previous studies predicting the occurrence of SNB in North Carolina (Mehra 

et al. 2016; Mehra et al. 2017), this study aimed to predict end-of-season SNB severity in winter 

wheat by incorporating pre-planting factors (wheat residue and cultivar resistance), disease onset 

timing, pre-anthesis weather conditions, and regional influences. A generalized hierarchical 

Bayesian modeling framework was applied and compared to predictions from an extreme gradient 

boosting (XGBoost) algorithm (Chen and Guestrin 2016). Starting with a baseline fixed-effects 

model, model complexity was progressively increased by adding random intercepts, an 

environmental relatedness matrix, and three configurations of pre-anthesis weather predictors, 

resulting in nine candidate Bayesian models. To handle dimensionality, shrinkage priors were 

implemented, producing competitive predictions across weather-based models, as evaluated by 

statistical indices from environment-specific reserved data. Additionally, asymptote bias and 

uncertainty in regression coefficients were analyzed through simulations using various scenarios 

of group-level variability and environmental relatedness. 

 

4.3. Material and Methods 

4.3.1. Description of experiments and disease assessment. Field experiments were conducted in 

18 environments during the 2021–2022, 2022–2023, and 2023–2024 growing seasons (henceforth 

referred to as 2022, 2023, and 2024). An environment was defined as a single year × location 

combination, with locations at least 100 km apart, with location being one of the eight counties in 

the Middle Atlantic Coastal Plains, Southeastern Plains, and Piedmont regions of North Carolina 

(Fig. 4.1A). Trials were arranged as a two-way randomized complete block split-plot design, with 

each treatment replicated three to six times, depending on the environment. The whole-plot factor 

was the presence or absence of wheat residue, simulating continuous and rotational wheat cropping 

systems. To promote disease development, P. nodorum-infested wheat residue was manually 

applied to cover 20% of the soil between late January and mid-February (Cowger and Murphy 
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2007; Mehra et al. 2015). Wheat straw was sourced from commercial wheat fields in Harnett and 

Person counties in 2022–2024, and from the USDA Eastern SNB Nursery in 2022. None of these 

fields had been treated with foliar fungicides, and the straw was stored dry until use. The subplot 

factor consisted of four to five commercial soft red winter wheat cultivars with varying reactions 

to SNB: ‘Agrimaxx 492’ and ‘Jamestown’ (susceptible [S]), ‘Dyna-Gro Shirley’ and ‘USG 3118’ 

(moderately susceptible [MS]), and ‘SY547’ (moderately resistant [MR]). Cultivars were selected 

based on regional adaptation, maturity group, and tolerance to other foliar wheat diseases. 

Certified, fungicide-treated seeds were sown at a rate of 120 seeds m–1 in 1.5 m (7 rows spaced at 

20 cm) × 6 m field plots between late October and mid-November using a Wintersteiger cone plot 

planter (Wintersteiger, Salt Lake, UT). All crop management practices (fertilization, weed 

management, and pest control) followed standard procedures for wheat production in North 

Carolina. Barley was grown in the alleys to minimize inter-plot interference. 

Disease severity was assessed visually as the percentage of foliar necrotic tissue relative to 

the total leaf area for the entire plot, three to six times throughout the season. However, only the 

final SNB assessment, recorded between late April and mid-May (Zadoks growth stage [GS] 75–

80) (Zadoks et al. 1974), was used as the response variable. Additionally, disease incidence, 

defined as the percentage of plants exhibiting foliar SNB lesions, and crop growth stage were 

recorded on each assessment day. Late-season management of yellow rust was performed with a 

single foliar application of fluxapyroxad at 48.2 g ha–1 + pyraclostrobin at 97.5 g ha–1 (Priaxor; 

BASF Corporation Research Triangle Park, NC) or metconazole at 66.1 g ha–1 (Caramba; BASF 

Corporation Research Triangle Park, NC) at GS 70–75. Yellow rust control was implemented in 

four environments (RO24, KS24, LB24, and PY22), and no further disease evaluations were 

conducted in fields after fungicide application. 

Best linear unbiased estimates were obtained by fitting single-environment models using 

the R packages lme4 (Bates et al. (2015); version 1.1.35.5) and emmeans (Lenth (2022); version 

1.10.3) using the equation, ώ ‘ ‏ ὃ • ὄ ὃὄ Ὡ , where ώ  is the 

observed final SNB severity for the j th wheat cultivar, in the kth block, and in the i th wheat residue 

factor, ‘ is the intercept, ὃ is the wheat residue fixed effect, ὄ is the wheat cultivar fixed effect, 

ὃὄ  is the interaction term, •  is the whole plot error component, and Ὡ  is the residual term 

associated with the ijkth experimental unit. This first-stage analysis yielded 151 unique SNB 

epidemic cases (combinations of wheat residue × cultivar reaction classes across environments), 
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which were used in further analysis. Severity values were then transformed using the formula ώ

ώ ὲ ρ πȢυȾὲ, where n = 151, to ensure that the response values ranged from 0 to 1 

(Smithson and Verkuilen 2006). 

4.3.2. Weather data and predictors. Hourly weather data, including 2-m air temperature (T; °C), 

relative humidity (RH; %), precipitation (R; mm), and reference evapotranspiration (ET0; mm/day) 

were obtained from January to June for each environment using the weather Open-Meteo API 

(Zippenfenig 2023) via openmeteo package (Pisel (2023); version 0.2.4). This period aligns with 

critical phases of SNB dynamics in North Carolina. The Open-Meteo Historical Weather API uses 

9-km spatial resolution reanalysis datasets from ECMWF, ERA5, and ERA5-Land (Hersbach et 

al. 2020). This hourly time series data underwent a two-step feature engineering process (Garnica 

and Ojiambo unpublished) to develop the pre-anthesis weather library used in the study. The pre-

anthesis SNB weather library includes various weather elements, engineered to represent 

minimum, maximum, and cumulative hours under specific conditions. These variables were 

summarized across rolling windows of 7, 14, 21, and 28 days, as well as intra-day periods (e.g., 

daytime, nighttime, dusk, dawn) to capture transient factors influencing disease. The matrix of 

climatic time series data was aligned across all environments using the estimated wheat anthesis 

date, determined using a modified version of the process-based model by Zhao et al. (2021) and 

described by Garnica and Ojiambo (unpublished), with minor adjustments for this study, where „ 

was set at 8 and Ὕ  at -2°C. The ὠ , ὠ , ὖ  and ὖ  were set at 5 and 20 days, and 11.5 

and 20 hours, respectively. 

Weather predictors were then identified using the window-pane approach described by 

Garnica and Ojiambo (unpublished). The response variables for this analysis were the rotated 

estimates of environmental loadings (as ‗, ‗, and ‗; also referred to as fa1, fa2, and fa3), derived 

from a third-order factor-analytic model explaining genotype-by-environment interaction effects 

on SNB severity (Garnica et al. unpublished results). Second-level meteorological predictors were 

created by combining first-level variables over the optimal epidemiological period, defined as 

periods where daily bootstrap Spearman's mean correlation coefficients exceeded |0.3| for at least 

6 consecutive (e.g., ≥ 6 LAGs with ”ᶻ ≥ |0.3|), with at least 4 days spaced within each optimal 

period. This threshold is slightly less flexible than in the primary study (Garnica and Ojiambo 

unpublished). The naming convention for second-level pre-anthesis weather predictors is based on 
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the loading (fa1, fa2, and fa3) that gives rise to the first-level variable, the optimal epidemiological 

period relative to the predicted wheat anthesis date (start and end LAGs), weather element (T, RH, 

R, and ET0), feature engineering criteria, intra-day period (24 h, nighttime, daytime, dawn, and 

dusk), the aggregation function (sum or mean), and the rolling window length (7, 14, 21, and 28 

days).  

Using this approach, a total of 153 second-level pre-anthesis meteorological predictors 

were generated. The final SNB dataset comprises the pre-anthesis weather library, along with the 

categorical covariates: wheat RESIDUE (presence or absence), cultivar RESISTANCE reaction 

class to SNB (S, MS or MR) and the wheat stage of disease ONSET (pre- or post-anthesis). The 

covariate SITE characterized the environments while the covariate REGION accounted for disease 

prevalence across wheat-producing regions of North Carolina. 

4.3.3. Bayesian modeling. Bayesian generalized linear models were constructed using a stepwise 

process defining data, process, and parameter models (Hobbs and Hooten 2015). The data model 

defines the distribution of the data for the system and its parameters, while the process model 

describes the presumed mechanistic process portraying the biological system, conditional on its 

parameters. The parameter model completes Bayesian inference by assigning prior distributions 

to all parameters. 

Data model. Let ώ represent the vector of SNB severity observations for a disease case i 

= 1, …, n nested within environment j = 1, …, m. Since disease severity was recorded as a 

percentage of foliar necrotic tissue relative to the total leaf area, the data model necessitates a 

distribution to map the interval to the entire real line. The beta distribution is suitable for analyzing 

proportional data (Ferrari and Cribari-Neto 2004) and eliminates the need to assume constant 

variance. In this study, ώ was treated as a random variable: 

 ώȿ ‘ȟ‰ ͯ ÂÅÔÁ‘‰ȟρ ‘ ‰ , (4.1) 

where ‘  represents the mean response (0 < ‘  < 1) and ‰ is the spread parameter (‰ > 0) in the 

beta distribution. The mean and the variance are given, respectively, by %ώ  ‘  and 

6ÁÒώ
 

  
. Hence, for a fixed ‘, a larger ‰ corresponds to smaller variance (Martínez-

Minaya et al. 2021).  
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Process model. A total of nine Bayesian models were fitted to quantify effects of 

epidemiological factors on the risk of disease. The baseline model (M1) included only RESIDUE, 

RESISTANCE, and ONSET as fixed-effects. Model 2 (M2) included a random-effects term for 

SITE, in addition to the fixed effects listed above. Model 3 (M3) incorporated an environment 

relatedness matrix (ἕ) that captures the expected climatic similarity between environments, 

constructed using a set of 24 pre-anthesis weather predictors. This matrix is analogous to the 

correlation matrix in phylogenetic comparative analyses and the additive genetic relatedness 

matrix in plant and animal breeding (Lajeunesse and Fox 2015; Thomson et al. 2018). Models 4 

(M4) and 5 (M5) explicitly included a set of six selected pre-anthesis weather predictors, with M4 

excluding and M5 including the ἕ matrix, respectively. Model 6 (M6) extended M5 by applying 

an Ὑ -Dirichlet-Decomposition (R2D2) shrinkage prior (Aguilar and Bürkner 2023; Zhang et al. 

2022) on weather-based regression coefficients. Model 7 (M7) included RESIDUE, RESISTANCE, 

ONSET, SITE, and all pre-anthesis weather variables derived from fa1. The fa1-derived weather 

predictors, expected to influence SNB dynamics across all cultivars (Garnica and Ojiambo 

unpublished), were shrank using an R2D2 prior. Model 8 (M8) was similar to M7 but modeled ‰ 

to account for potential heteroscedasticity in SNB prevalence across different regions. Finally, 

Model 9 (M9) expanded on M7 by incorporating the full library of 153 pre-anthesis weather 

predictors derived from fa1, fa2, and fa3. Below, we outline the key model differences, following 

notation by Hobbs and Hooten (2015). 

Baseline model 1. SNB severity was modeled with a fixed-effects regression on ‘ 

assuming homogeneous ‰: 

 Ὢ‌ȟ‍ȟἦ ‘ ÌÏÇÉÔ– , (4.2a) 

 – ‌ ἦ‍, (4.2b) 

 ἦ‍ ‍  ‍ ‍ , (4.2c) 

where Ὢẗ is a logit function linking ‘ to the linear model –, which is expressed in terms of the 

fixed intercept ‌, ἦ, an n × p design matrix of first-level covariates (RESIDUE, RESISTANCE, 

and ONSET), and ‍, a p × 1 vector of regression coefficients (‍ , ‍ , and ‍ ).  

Model 2. M2 builds on M1 by introducing random-effects for environments to address 

cluster heterogeneity: 
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 Ὢ‌ȟ‍ȟἦ ‘ ÌÏÇÉÔ– , (4.3a) 

 – ‌ ἦ‍, (4.3b) 

 ‌ ͯ ÎÏÒÍÁÌπȟ„ἓ , (4.3c) 

where ἦ  is a nm × p design matrix of first-level covariates within environments, ‌ is an m × 1 

vector of random intercepts, assumed to be normally distributed with mean zero, variance „ , and 

ὧέὺ‌ȟ‌   „ἓ , and other terms are described above. ἓ is an identity matrix of m × m 

dimension that assumes no correlation between ‌, so that ‌ and ‌  are estimated unrelatedly. 

Model 3. M3 extends M2 by accounting for the expected lack of independence in initial 

disease levels between environments in the study. This model is expressed with the same 

likelihood as M2 but with the vector of varying intercepts as:  

 ‌ ͯ ÎÏÒÍÁÌπȟ„ἕ , (4.4) 

where ἕ is an m × m correlation matrix representing the expected similarity of climatic conditions 

across environments (Fig. 4.2). ἕ was constructed based on the Euclidean distance of 24 pre-

anthesis weather-based variables associated with fa1, fa2, and fa3 of SNB epidemics (Table 4.S1). 

Note that several forms of ἕ can be formulated based on the choice of weather and edaphic 

variables (Costa-Neto et al. 2021; Dodds et al. 2015). In this study, variables were selected using 

exclusion criteria of high intercorrelation (> 0.8), zero frequency < 50%, and their explicit 

inclusion in subsequent models. ἕ was then obtained by calculating the Euclidean distance 

between each pair of between meteorological measures, as Ὠ  В ὴ ή , where p and 

q are the scaled wth meteorological variable (Thomson et al. 2018). Note that Ὠ  gives not the 

physical distance between environments but the expected degree of similarity based on weather 

variables. We then scale this matrix of distances so that the diagonal is 1, indicating that each 

environment is identical to itself, and the off-diagonal are values between 0 and 1, where 0 

represents more dissimilar environments.  

Model 4. M4 explicitly incorporates 6 selected pre-anthesis weather covariates to predict 

SNB severity in new, unseen environments, representing the first true weather-based predictive 

model examined in this study. These variables were chosen based on empirical epidemiological 

relevance, as reported in our previous study (Garnica and Ojiambo unpublished), and their 
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descriptive properties. Extending previous works on Bayesian modeling (Figueroa-Zúñiga et al. 

2013) and considering the hierarchical nature of our dataset, ‌ was modeled as: 

 Ὢ‖ȟἥ ‌ ἥ‖, (4.5a) 

 ἥ ‖  В ‖ , (4.5b) 

 ‖ ͯ ÎÏÒÍÁÌπȟ†, (4.5c) 

where Ὢẗ is an identity function linking ‌ to the ἥ  design matrix of dimension m × w 

encompassing the second-level weather-based variables described in Table 4.1 and ‖  is the w × 

1 associated vector of fixed-effects. The standard deviation (†) is set at 10 and is consistent across 

all weather variables. ‌ was estimated according to Eq. 4.3c. 

Model 5. This model extends M4 by including the ἕ matrix (Eq. 4.4) to account for the 

underlying dependencies among random effects. Note that none of the weather predictors 

explicitly used in M4 were included in ἕ (Table 4.1 and Table 4.S1). 

Model 6. M6 builds upon M5 by introducing the R2D2 prior (R2D2M2) (Aguilar and 

Bürkner 2023; Zhang et al. 2022) by substituting the Eq. 4.5c prior on ‖ . The R2D2 prior is a 

global-local shrinkage prior effective in high-dimensional generalized linear mixed models 

(Yanchenko et al. 2024). It applies shrinkage to regression coefficients using a Bayesian R2 

(Gelman and Hill 2006) to control overfitting by inducing weak sparsity. For the beta-family 

model, the R2D2 prior is specified as follows: 

 ‖ ͯ ÎÏÒÍÁÌπȟ†‫ , (4.6a) 

 †  , (4.6b) 

 Ὑ ḐὦὩὸὥ‘ ȟ• , (4.6c) 

 ‫  ͯ ὈὭὶὭὧὬὰὩὸ‚ȟȣȟ‚ , (4.6d) 

where ‘  and •  control the form of Ὑ , restricted to a subspace of (0, 1). The global shrinkage 

parameter (†) controls the overall level of shrinkage applied to all regression coefficients (Zhang 

et al. 2022). A smaller † leads to more shrinkage, meaning the model will force more coefficients 

toward zero, enhancing sparsity. Furthermore, each regression coefficient ‖  has an associated 

local shrinkage parameter (‫ ) to provide coefficient-specific regularization. The ‫  are drawn 
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from a simplex (i.e., a Dirichlet distribution), ensuring that they sum to 1, meaning that the overall 

“shrinkage budget” is distributed among the predictors. This leads to many coefficients near but 

not exactly zero. In this study, the R2D2 prior was universally specified with ‚ πȢυ, ‘ πȢψ, 

and • ρπ, implying a slightly more regularization than the weakly-informative prior (Eq. 4.5). 

Model 7. In this model, ‖  was expanded to include fa1-derived weather predictors to 

better capture climatic effects driving SNB epidemics. Unlike the previous weather-based models, 

M7 incorporates all fa1-based weather variables, with ‌ was modeled as: 

 Ὢ‖ȟἥ ‌ ἥ‖, (4.7a) 

 ἥ ‖  В ‖ , (4.7b) 

where ἥ  is a m × w design matrix encompassing the 57 fa1-derived second-level meteorological 

variables listed in Table 4.S2, and ‖  is the w × 1 associated vector of fixed-effects. The prior of 

choice was the R2D2 prior, as specified above. Additionally, this model assumes random-effects 

as in Eq. 4.3c.  

Model 8. This model builds on M7 by addressing heteroscedasticity. In beta regression, the 

‘  and ‰ parameters can be modeled separately using different regression structures (Smithson 

and Verkuilen 2006). Thus, ‰ was modeled to account for heteroscedasticity across wheat-growing 

regions of North Carolina as: 

 Ὢ‰ Ἕ—, (4.8) 

where Ὢẗ is a log link function connecting ‰ with the linear model, Ἕ is an n × q design matrix 

of the regional predictors, and — is a q × 1 vector of fixed-effects coefficients (—   , 

— , and —  ). The prior on ‖ was R2D2 prior, as specified in M7. 

Model 9. M9 is the least parsimonious model, extending the ‖  to incorporate the entire 

SNB weather library. The ‌ was then modeled as: 

 Ὢ‖ȟἥ ‌ ἥ‖, (4.9a) 

 ἥ ‖  В ‖ , (4.9b) 
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where ἥ  is a design matrix of dimension m × w encompassing the 153 second-level 

meteorological predictors associated with fa1, fa2, and fa3, as detailed in Table 4.S2. The ‖  is 

the w × 1 associated vector of fixed-effects. The prior on ‖ followed the R2D2 prior specification, 

as in M7, and random-effects were estimated using Eq. 4.3c.  

Parameter model. A Bayesian representation is completed by specifying prior distributions 

for all estimated parameters. Alongside the ‖ priors specified above for the weather-based models, 

a weakly informative prior, ÎÏÒÍÁÌπȟρπ, was used for ‍ and — coefficients, based on our 

expectation of no differences between factor levels. Exceptions include 

‍  ͯ ÎÏÒÍÁÌχȢψȟτȢχ, ‍  ͯ ÎÏÒÍÁÌψȢτȟυ, 

‍  ͯ ÎÏÒÍÁÌρπȢσȟςȢω, and ‍  ͯ ÎÏÒÍÁÌςȢυȟπȢχ, reflecting the expectation 

of higher SNB severity with continuous wheat cropping systems, the use of cultivars with MS or 

S reaction classes, and earlier SNB onset. These priors were empirically derived from Mehra et al. 

(2015), Cowger et al. (2020), and Kaur et al. (2024). A ÇÁÍÍÁπȢπρȟπȢπρ prior was applied to 

‰ for homoscedastic models (M1–M7 and M9), and a #ÁÕÃÈÙπȟυ prior was applied for the 

standard deviations of group-level effects in all mixed models (M2–M9), thereby ensuring 

parameters are restricted to positive values (Gelman 2006). 

4.3.4. Bayesian model selection. To test our hypothesis of nullity for the effects investigated, we 

used a model selection approach based on the difference in expected log point-wise predicted 

density (elpd_diff) and its uncertainty estimate (se_diff) using the loo_compare function in the loo 

package (Vehtari et al. (2017); version 2.8.0). A larger elpd_diff and smaller se_diff indicate better 

model performance, with an elpd difference of 2 or more units generally considered a strong 

evidence in favor of the lower elpd value model (Vehtari et al. 2017).  

4.3.5. Sensitivity analysis. A significant challenge in hierarchical modeling is the small sample 

size property of estimators (Harrison 2015) and the complex underlying assumptions, which make 

them increasingly difficult to understand and interpret (DiRenzo et al. 2023). To evaluate the 

statistical properties and enhance our understanding of the hierarchical Bayesian approach, we 

conducted a simulation exercise to assess parameter bias under various asymptotic conditions. 

Using the estimated regression coefficients of M5, we simulated data by varying the group-level 

standard deviations („ = 0.3 and 0.9), random-effects correlation structures based on relatedness 

matrices from Eq. 4.3c and Eq. 4.4, and grouping levels (environments, j). A total of 1,000 groups 
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were simulated, and bias and uncertainty were assessed by subsampling j and comparing the 

original model regression coefficients (denoted by “ ^ ”) against the estimates from the simulated 

data (denoted by “ * ”). 

First, six weather-based predictors (ύρᶻɀύφᶻ) were simulated using gamma distributions, 

parameterized based on the empirical distributions of the original weather variables (Table 4.1). 

These predictors were scaled and multiplied by the model regression coefficient estimates of M5: 

‖Ƕ Ȣ ͺ ȢȢȢȢȢ Ȣ Ȣ ͺ  = 0.19, ‖Ƕ Ȣ ͺ ȢȢ Ȣ Ȣ ͺ  = 0.07, 

‖Ƕ Ȣ ͺ Ȣ Ȣ Ȣ Ȣ Ȣ ͺ  = -0.12, ‖Ƕ Ȣ ͺ Ȣ Ȣ ȢȢȢȢ Ȣ ͺ  = -0.06, 

‖Ƕ Ȣ ͺȢ Ȣ ȢȢȢȢ Ȣ ͺ  = -0.48, and ‖Ƕ Ȣ ͺȢ Ȣ ȢȢȢȢ Ȣ ͺ  = 0.21, 

forming a matrix of second-level predictors across environments. Second, a complementary 

weather database (W) was created by generating 100 environmental covariates, using a 

άὺὲέὶάὥὰπȟ , where  is a positive definite, randomly generated, symmetric covariance 

matrix. Using W, we built the true climatic similarity matrix (ἕᶻ) of dimensions 1,000 × 1,000 

using Euclidean distances of the complementary weather variables. The vector of correlated 

random effects was then created using the Cholesky decomposition of ἕᶻ (Lee et al. 2018; Nishio 

and Arakawa 2019). A similar approach was used to generate the vector of uncorrelated random 

effects using the identity matrix ἓᶻ. Third, categorical pre-planting factors were simulated at 

frequencies approximating the experimental conditions of the study. The design matrix was then 

multiplied by the respective M5 regression coefficients: ‍  = -4.37, ‍  = 1.46, 

‍  = 0.31, ‍ = 1.00, and ‍  = 0.10. Finally, mean severity 

responses (‘ᶻ) were calculated by applying a logit link function to the linear combination of first 

and second-level predictors. Disease severity observations were then drawn from a 

ÂÅÔÁ‘ᶻ‰ȟρ ‘ᶻ ‰ , with ‰ set to 134.37.  

A limitation of this approach is that the full range of climatic variables influencing the data-

generating process is rarely fully captured. At best, only a partial subset of these factors is included 

in the analysis. In other words, while ἕᶻ reflects the true similarity between environments, in 

practice, it is never fully observed. Thus, using ἕᶻ for parameter sensitivity analysis is unrealistic, 

as it requires assumptions. For sensitivity analysis, we assumed that only a subset of 20 weather 

variables in W was actually observed. This subset was used to create an observed climatic 

similarity matrix (ἕᶻ ), that has the dimension of ἕᶻ but contains only one-fifth of information. 
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Consequently, two matrices were generated: ἕᶻ for data simulation and ἕᶻ , a more limited 

version, for sensitivity analysis. Parameter bias and uncertainty were then assessed by iteratively 

sampling environments (j = 10, 25, 50, 100, 150, and 250) and fitting models using the 

corresponding tabular data and ἕᶻ  matrix. 

4.3.6. Extreme Gradient Boosting. As a benchmark comparison for prediction performance, an 

XGBoost model (Chen and Guestrin 2016) was also fitted to the SNB dataset. Hyperparameter 

tuning (min_n, loss_reduction, sample_size, mtry, and learn_rate) was performed using a 5-fold 

cross-validation scheme, stratified on the response variable, utilizing the vfold_cv function from 

the tidymodels R package (Kuhn and Wickham (2020); version 1.2.0). In this scheme, each fold 

contained 77 disease cases for training and 20 for validation. The grid for hyperparameter tuning 

varied as follows: tree_depth (1 to 4), min_n (2 to 40), loss_reduction (0 to 22.52), sample_size 

(0.11 to 0.9996), mtry (1 to 157), and learn_rate (0 to 0.07647), with the trees number fixed at 

1,000.  

4.3.7. Assessment of model performance. Models were trained on a dataset of 97 SNB epidemics 

using the caret package (Kuhn (2008); version 6.0-94). Predictive performance was assessed using 

root mean square error (RMSE) and mean absolute error (MAE) for two validation schemes: within 

tested environments (V1 scheme; 20 epidemics) and from four randomly selected out-of-sample 

environments (V0 scheme; 34 epidemics). Importantly, the identification of weather-based 

predictors during the window-pane analysis also excluded data from these reserved environments. 

RMSE and MAE were calculated using the V0 scheme dataset as follows: ὙὓὛὉ

 В ώ ώ  and ὓὃὉ  В ώ ώ ; where n is the number of samples, ώ  is the 

observed disease severity, and ώ is the predicted disease severity. An additional evaluation metric 

for Bayesian models, the predictive interval coverage probability (PICP), was calculated using the 

formula ὖὍὅὖ В Ὅώ ᶰώ ȟώ , where ώ  and ώ  are the lower and 

upper bounds of the prediction interval, and Ὅẗ is an indicator function that equals 1 if the 

observed value ώ  falls within the prediction interval, and 0 otherwise. RMSE and MAE were used 

to compare models, focusing on prediction accuracy, where lower values indicate better 
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performance. PICP was used to assess the model’s ability to capture uncertainty in Bayesian 

predictions, with higher values being preferable. 

4.3.8. Computation and data availability. Bayesian models were fitted using brms package 

(Bürkner (2017); version 2.21.0) using R programming language (R Core Team (2024); version 

4.4.1) and R studio (RStudio Team 2024). Each model was run with four chains, a sampling period 

of 10,000 iterations, and a 2,000-iteration warm-up, resulting in a total of 32,000 post-warm-up 

draws. Convergence was assessed using the Brooks–Gelman–Rubin diagnostic, ensuring 2 < 1.01 

(Gelman and Rubin 1992). During the adaptation period, a target acceptance probability of 0.99 

and a tree depth of 14 were applied. The chains were well-mixed, with no divergent samples 

detected (see Supplementary HTML file, “Model Comparison - Bayesian” section). Results for 

categorical predictors are reported as posterior means with 80% and 95% credible intervals. To 

account for the non-constant rate of change in nonlinear relationships, the rates of change between 

extreme values (maximum and minimum) in disease severity for meteorological predictors were 

examined using the avg_comparisons function of the marginaleffects R package (Arel-Bundock 

et al. (Forthcoming); version 0.21.0). Numerical predictors were back-transformed to their original 

scales for presentation. Input data, reproducible R scripts for data exploration, model fitting, and 

checking (Supplementary HTML file), as well as posterior predictions and the simulation vignette 

(Supplementary PDF file), are available at https://github.com/vcgarnica/SNB_bayesian. 

 

4.4. Results 

4.4.1. Descriptive statistics of the response and predictors. The SNB dataset included 151 cases 

of disease epidemics in North Carolina, with severity levels ranging from 0.03% to 46%. 

Approximately one-third of the disease cases had severities below 3%, while more severe 

epidemics (>20% leaf area infected) accounted for less than 10% of cases, resulting in a right-

skewed distribution with a median severity of 5% and a mean of 8% (Fig. 4.1B). Most of the 

disease cases were recorded in the Piedmont (47%) and Southern Plains (~34%) regions, with 

fewer from the Middle Atlantic Coastal Plain (~19%).  

The prediction of wheat anthesis dates for aligning weather time series across environments 

for the window-pane analysis was generally accurate, with 12 out of 18 environments showing an 

absolute prediction error of ±5 days (data not shown). The largest deviations occurred at LB23, 

https://github.com/vcgarnica/SNB_bayesian
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RO24, LB24, and PY23, where anthesis was predicted 12, 9, 8, and 7 days late, respectively, and 

at SB23, where it was predicted 6 days early. 

Second-level weather variables began accumulating up to 92 days before predicted wheat 

anthesis, overlapping with the critical period for SNB epidemiology in the study area. Associations 

with fa1 (57 variables), fa2 (80 variables), and fa3 (16 variables) typically lasted around 10 days 

and extended up to 41 days (Table 4.S2). In the SNB library, TRH variables were most frequent 

(24.2% of the time), followed by TR and R (17%), and RH (13.7%) with T, T6.peak4, and 

RH6.peak4 being less common (<11%). Under the given weather feature engineering and optimal 

epidemiological period settings, only 3.3% of first-level weather variables were based on ET0. For 

the intra-day periods, dusk and daytime were the most represented, occurring 30.1% and 27.5% of 

the time, respectively. Nighttime and dawn were less common, with 18.3% and 16.3% of 

occurrences, respectively. Weather variables summarized across the 24-hour period occurred only 

7.8% of the time. Categorization of weather variables into bins of 10 days relative to wheat anthesis 

showed that the LAG intervals between [10,20) was the most populated, containing 39 weather 

variables, while the [70,80) and [80,90] intervals had 10 or less variables.  

Second-level pre-anthesis weather predictors exhibited considerable variability across 

environments (Table 4.S2). For example, fa1.64_53.T.16T19.daytime.sum_28 ranged from 144 

hours in the lowest environment to 547 hours in the highest. In contrast, 

fa2.26_16.RH.30.rl.count4.dawn.sum_28 varied between 0 and 11 events. The distribution of 

these variables also differed, with some exhibiting skewness while others were more evenly 

distributed across environments (Supplementary HTML file, section “Data Exploration - Pre-

Anthesis Weather Predictors”). Similarly, fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 ranged from 

0 to 68 hours. Assuming a constant 8-hour dawn period per day, the maximum potential for this 

variable would be 112 hours over a 14-day rolling window and 1,792 hours across the optimal 16-

day epidemiological period. Consequently, the observed frequency of hours for this variable 

ranged from 0% up to approximately 3.8% (112/1,792) across different environments. 

4.4.2. Model comparisons. The inclusion of a random-effects environment term was strongly 

supported, as indicated by an elpd_diff of -76.3 (9.1). All mixed models, including both non-

weather-based models (M2 and M3) and weather-based models (M4–M9), reasonably represented 

the data, as based on the threshold of elpd_diff > 2 * se_diff. However, weather-based models had 

better prediction accuracy compared to non-weather-based models, with approximately >1% lower 
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RMSE and MAE values (Table 4.2). M9, which utilized the complete SNB weather library, showed 

comparable predictive accuracy to simpler weather-based models, with an RMSE of 4.27%, MAE 

of 3.33%, and a PICP of 100%. In comparison, the XGBoost model yielded an RMSE of 5.53% 

and MAE of 4.10%, slightly less accurate than the best-performing models. All models, including 

the XGBoost, underpredicted SNB severities above 15% (Supplementary HTML file, sections 

“XGBoost Model” and “Bayesian Models”). 

Adding the ἕ matrix (M2 to M3) resulted in a slight increase in „ (0.91 to 1.04) and 

nearly tripled the standard error of the intercept (0.27 to 0.64), with minimal impact on other 

regression estimates. The inclusion of the ἕ matrix in M5 also increased the standard error of the 

intercept and second-level weather predictors compared to M4 (Supplementary HTML file, section 

“Bayesian Models”). Although the inclusion of the ἕ enabled models to capture the expected 

climatic similarities between environments, it only reduced RMSE by 0.40 or less (M4 versus M5) 

(Table 4.2). The R2D2 prior on ‖Ƕ reduced most weather predictor coefficients and standard errors 

(comparing M5 to M6), as expected. It also reversed the direction 

‖Ƕ Ȣ ͺ Ȣ Ȣ ȢȢȢȢ Ȣ ͺ  and narrowed the credible intervals for the posterior 

predictions of SNB severity, with only a slight increase in RMSE. Conversely, including all fa1-

derived weather variables in M7 and M8, further refined by the R2D2 prior, reduced RMSE, MAE, 

and PICP compared to M6. Adjusting for regional differences in ‰ in M8 did not significantly 

improve performance over M7 (Table 4.2).  

Ultimately, M6 was selected due to its balance of prediction accuracy, particularly at SNB 

intensities <15% (Fig. 4.3A and 4.3B), parsimony, and statistical properties. The full posterior and 

joint distributions for M6, along with the directed acyclic graph (Fig. 4.4), are presented as follows: 

 

ώ ȿ ‘ȟ‰ ͯ ÂÅÔÁ‘‰ȟρ ‘ ‰ , 
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‌ȟ‍ȟ‖ȟ„ȟἕȟ‰ȿώ ᶿ ὦὩὸὥὪ‌ȟ‍ȟἦ ‰ȟρ Ὢ‌ȟ‍ȟἦ ‰  

ÎÏÒÍÁÌ‌Ὢ‖ȟἥ ȟἕ„ ÎÏÒÍÁÌ‍ȿπȟρπ

ÎÏÒÍÁÌ‍ χȢψȟτȢχ ÎÏÒÍÁÌ‍ ρπȢσȟςȢω

ÎÏÒÍÁÌ‍ ψȢτȟυ ‍  ͯ ÎÏÒÍÁÌςȢυȟπȢχ

ÎÏÒÍÁÌ‖ȿπȟ†‫ ÇÁÍÍÁ‰ȿπȢπρȟπȢπρ #ÁÕÃÈÙ„ȿπȢυ,  

 

 

 

 

 

 

 

 †  , Ὑ ḐὦὩὸὥ‘ ȟ• , ‫  ͯ ὈὭὶὭὧὬὰὩὸ‚ȟȣȟ‚ Ȣ (4.10) 

4.4.3. Effects of pre-planting and disease onset timing on SNB severity. Posterior and average 

marginal effect distributions of categorical factors are displayed in Fig. 4.5. The presence of wheat 

residue in the field, simulating a continuous wheat cultivation system, increased SNB severity by 

7.7% (CI95%: 3.4–16%), on average (Fig. 4.5A and 4.5B). Reaction class of wheat cultivars to SNB 

was also an important factor impacting severity, with S, MS, and MR classes averaging 14.6% 

(CI95%: 6.1–32.1%), 7.8% (CI95%: 3.1–19%), and 5.9% (CI95%: 2.3–14.8%), respectively (Fig. 4.5C 

and 4.5D). However, negligible effects on end-of-season SNB severity were detected when disease 

onset occurred before wheat anthesis: 0.5% (CI95%: -0.6–2.2%) (Fig. 5.5F) (Supplementary HTML 

file, section “Results - Effects of Agronomic, Disease, and Host Factors”). A forest plot of intercept 

estimates is presented in Fig. 4.S1. 

4.3.4. Effects of pre-anthesis weather variables on SNB severity. An increase in 

fa1.64_59.R.0.6.rl.count2.daytime.sum_21, fa1.64_53.T.16T19.daytime.sum_28, 

fa1.27_22.TR.10T13nR.G.0.2.daytime.sum_28, and fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 

resulted in nonlinear increases in SNB severity (Fig. 6A, 6B, 6D, and 6F). An increase in 

fa1.64_59.R.0.6.rl.count2.daytime.sum_21 from 0 to 30 events increased severity by 0.83% 
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(CI95%: -1.2–4.65%), on average, while increasing fa1.64_53.T.16T19.daytime.sum_28 from 114 

to 547 hours, increased severity by 0.22% (CI95%: -1.89–3.18%). An increase in 

fa1.27_22.TR.10T13nR.G.0.2.daytime.sum_28 from 0 to 73 hours led to the smallest relative 

increase in severity, at 0.02% (CI95%: -2.27% to 3.32%). In contrast, increasing 

fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 from 0 to 68 hours increased average severity by 

0.92% (CI95%: -0.77% to 4.51%). The latter had the greatest impact on SNB dynamics and was 

generated from weather data collected roughly two weeks prior to wheat anthesis.  

In contrast, the model detected negative effects of 

fa1.43_33.TRH.7T10nRH.G85.dawn.sum_21 and fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28 

on SNB severity (Fig. 6C and 6E). For example, an increase in 

fa1.43_33.TRH.7T10nRH.G85.dawn.sum_21 from 11 to 240 hours resulted in a small decrease in 

SNB severity of -0.25% (CI95%: -2.63–1.78%). Conversely, an increase in 

fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28 from 12 to 231 hours led to a greater decrease in 

severity of -1.8% (CI95%: -3.1–0.15%) on average (Supplementary HTML file, section “Results – 

Effects of Meteorological Predictors”). 

4.4.5. Sensitivity analysis. The results for bias and uncertainty for varying dataset sample sizes 

are summarized in Fig. 4.S2 and Fig. 4.S3. As the number of j increased from 10 to 250, bias 

decreased and precision in parameter estimation improved, with diminishing returns beyond 50 

levels. The inclusion of ἕᶻ  increased uncertainty and bias of ‍ᶻ , particularly at „= 0.9. 

However, it reduced the bias of most categorical predictors at low sample sizes and when „= 0.3 

(Fig. 4.S2). There were no considerable differences in bias of second-level weather predictors 

between ἓᶻ and ἕᶻ  but uncertainty reduced in the ἕᶻ  scenario (Fig. 4.S3). At lower sample 

sizes with „= 0.9, ‖ᶻ  was frequently misestimated. Incorrect sign estimation was more 

frequently observed for weather predictors with relatively small regression coefficients (≤ |0.05|), 

such as ‖ᶻ , ‖ᶻ , and ‖ᶻ . Under ἓᶻ, the erroneous estimation frequencies for ‖ᶻ  through ‖ᶻ  

were 8.3%, 33.3%, 16.7%, 0%, 8.3%, and 0%, respectively, across all levels of j. Conversely, 

under ἕ , the erroneous estimation frequencies for ‖ᶻ  through ‖ᶻ  were 8.3%, 33.3%, 16.7%, 

0%, 8.3%, and 0%, respectively, across all levels of j (data not shown). Incorrect sign estimation 

was minor or undetected for weather predictors with relatively large coefficient magnitudes, such 

as ‖ᶻ  and ‖ᶻ . 
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4.4.5. XGBoost results. The best-performing XGBoost model was configured with the 

hyperparameters: mtry = 150, trees = 1000, min_n = 16, tree_depth = 4, learn_rate = 8.78 ×10−3, 

loss_reduction = 3.15 ×10−9, and sample_size = 8.41 ×10−1. The algorithm identified the absence 

of wheat residue as the most influential factor impacting SNB severity. The next most important 

variables were the S reaction class and three weather variables (all associated with fa1), namely, 

fa1.15_7.ETo.G0.5.24h.sum_21, fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28, and 

fa1.64_59.R.0.6.rl.count2.daytime.sum_21 (Fig. 4.S4). Of the top 20 features identified by 

XGBoost, 15 were fa1-derived weather predictors, with no fa2 or fa3 variables. The prediction 

performance of the XGBoost model is shown in Fig. 4.S5. 

 

4.5. Discussion 

DSSs help optimize fungicide applications to prevent yield losses and maximize return on 

investment. At the core of these systems are predictive models, which are computational tools that 

analyze data, simulate, and forecast disease dynamics based on biophysical parameters (Gent et al. 

2013). Higher model precision leads to better risk assessment, enabling optimal decision-making. 

This study used a generalized hierarchical Bayesian approach to predict end-of-season SNB 

severity, incorporating pre-planting factors and up to 153 pre-anthesis weather variables from 

January to predicted wheat anthesis. Anthesis, a key stage for final fungicide application in wheat 

serves as a biofix for summarizing weather variables, consistent with the study’s conceptual 

framework for early epidemic prediction before the fungicide application window closes. While 

incorporating post-anthesis weather data could offer a more comprehensive assessment of climatic 

effects on disease progression, it would conflict with pre-harvest interval requirements for 

fungicides approved for SNB management in the U.S. (Willyerd et al. 2015). 

Bayesian models were developed and validated using data from 151 SNB epidemics 

collected from multi-environment field trials in North Carolina and incorporating prior knowledge 

from the existing literature on SNB epidemiology (Garnica and Ojiambo unpublished; Kaur et al. 

2024; Mehra et al. 2017). Model M5, which integrated pre-planting factors and six engineered 

weather variables, exhibited the highest accuracy based on statistical metrics calculated from 

validation-only environments. In comparison, models M7–M9 employed a comprehensive matrix 

of weather variables aimed at capturing genotype-by-environment interaction effects (Garnica and 

Ojiambo unpublished) and showed similar performance. The least accurate was M1, a fixed-effects 
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model without weather variables, while the other models demonstrated intermediate performance. 

Although M5 achieved the best accuracy, model M6, incorporating pre-planting factors and six 

engineered weather variables with an R2D2 prior, was selected as a more parsimonious alternative. 

Further, the small accuracy improvement of M4 over M7 (ΔRMSE = 0.35% and ΔMAE = 0.14%), 

achieved by using only a few weather variables, makes M4 another reasonable choice. However, 

advances in computational resources, enabling the use of more sophisticated, data-intensive 

models, has shifted the focus from reducing complexity to prioritizing model accuracy in plant 

disease prediction (Gauriau et al. 2024). Therefore, despite the large number of correlated weather 

predictors, models M7–M9 remain strong candidates, with the R2D2 shrinkage effectively 

controlling the predictor set. This regularization is crucial, especially with relatively small datasets, 

where convergence would be challenging or even impossible without the use of shrinkage or strong 

priors (Mikhaeil et al. 2024).  

Fields with P. nodorum-infested wheat residue are at a higher risk of SNB epidemics due 

to increased inoculum availability relative to fields with minimal or no residue (Krupinsky et al. 

2007; Mehra et al. 2016). While conservation tillage is widely used to reduce soil erosion and 

retain moisture, it has also been linked to greater SNB severity in the eastern U.S. (Shaner and 

Buechley 1995). This study found a 3.4% to 16% increase in end-of-season SNB severity in 

production systems with P. nodorum-infested residue, reinforcing the benefits of crop rotation and 

tillage in regions prone to epidemics. Although P. nodorum can disperse over long distances via 

pseudothecia and ascospores (Bathgate and Loughman 2001), rain-splashed conidia from 

overwintered wheat residue remain the primary source of inoculum for epidemics (Griffiths and 

Ao 1976).  

Disease onset prior to wheat anthesis was not a strong predictor of end-of-season SNB 

severity. Nevertheless, it was included in the model due to its small but positive effect on severity 

estimates and its practical utility for growers. Residue-borne pathogens like P. nodorum typically 

initiate infection in the lower canopy, and an increase in incidence does not always correlate with 

high severity, as disease progression in the upper canopy relies on conidia dispersal during rain 

and wind events (Brennan et al. 1985). Mehra et al. (2017) found that even with a 50% incidence, 

disease severity was only around 4%. This aspect of the epidemiology of SNB poses challenges 

for farmers making fungicide decisions based on disease surveillance only (Ficke et al. 2018), 

reinforcing the value of a well-calibrated, multimodal DSS that accounts for weather conditions is 
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crucial for enhanced SNB management. This is demonstrated by the increased prediction accuracy 

observed in weather-based (M4–M9 and the XGBoost) versus non-weather-based models (M1–

M3). Further, we hypothesize that the weak link between early SNB foliar symptoms and end-of-

season severity could be due to the latency period of P. nodorum, which also depends on higher-

order interactions between host resistance, weather conditions, and pathogen virulent factors 

(Zearfoss et al. 2011).  

Planting SNB-resistant wheat cultivars reduces associated yield losses (Shankar et al. 

2021), but accurately assessing the suppression effect and its uncertainty is crucial. This study 

found that moderately resistant (MR) and moderately susceptible (MS) cultivars lowered disease 

severity by 2–11% compared to susceptible (S) cultivars, with only minor differences between MR 

and MS (0–3%). This supports the use of MS lines when MR options are unavailable. Furthermore, 

it is important to note that reaction classes are mere broad categorizations of host susceptibility for 

a trait that is quantitatively expressed (Peters Haugrud et al. 2022). Variability in the accumulation 

of resistance loci among genotypes within the same class, along with genotype-by-environment 

interactions, can lead to misclassification of cultivar reactions, particularly for those near the 

boundaries of classes (Garnica et al. unpublished results). To address this, we employed a 

probabilistic approach, allowing for uncertainty in the estimated coefficients of different cultivar 

reaction classes, though predictions for untested genotypes may still be impacted. Additionally, 

inconsistent disease rating scales from seed companies may affect model predictions. Despite these 

limitations, cultivar reaction class remains a useful proxy for informing farmers about host 

resistance, justifying its inclusion in the models. 

Environmental conditions emerged as the primary determinants of SNB epidemics, 

aligning with recent findings in the region (Kaur et al. 2024; Rivera-Burgos et al. 2022). This study 

mainly focused on characterizing environmental conditions using dynamic weather variables 

derived from air temperature (T), relative humidity (RH), precipitation (R), and reference 

evapotranspiration (ET0). Here, “dynamic” refers to variables aggregated based on the predicted 

anthesis date, which varies across environments, regions, and years, and is adjusted over flexible 

periods relative to anthesis rather than using fixed timeframes. Using M6 as a benchmark, three 

key variables showed the strongest influence on SNB progression: 

fa1.64_59.R.0.6.rl.count2.daytime.sum_21 (count of R ≥ 0.6 mm events with at least two 

consecutive hours within a 21-day rolling window, between 64 and 59 days before anthesis), 
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fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28 (number of daytime hours with 19°C ≤ T ≤ 22°C and 

R ≥ 0.2 mm, aggregated over a 28-day rolling window, between 15 and 2 days before anthesis), 

and fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 (number of dawn hours with 13°C ≤ T ≤ 16°C and 

R ≥ 0.2 mm, aggregated over a 14-day rolling window, between 15 and 0 days before anthesis). 

The latter two variables were collected about two weeks before anthesis, coinciding with the flag 

leaf stage, a critical phase for SNB and the leaf blotch complex (Hansen et al. 1994; Mehra et al. 

2017). Additionally, while fa1.64_59.R.0.6.rl.count2.daytime.sum_21 and 

fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 were expected to positively impact SNB severity, as 

they reflect higher R frequency and optimal TR conditions (Adhikari et al. 2023), 

fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28 had a negative effect. This effect may be attributed 

to accelerated crop growth rates, which shorten the duration of the growing season and reduce the 

number of infection cycles required for severe P. nodorum epidemics to develop.  

Plant disease risk modeling has traditionally focused on a minimal set of key weather 

predictors for computational efficiency (Shah et al. 2023). While this approach may suffice for 

inference, simplicity may come at a cost of lower prediction accuracy. In contrast, our extensive 

weather library of 153 variables aligns with next-generation quantitative models, capturing 

transient factors like dusk and dawn conditions and variable timeframes throughout the growing 

season. The simplest weather-based model, M4, used 6 variables, while the most complex, M9, 

incorporated all 153. However, weather predictors based on fa2 and fa3 would have been better 

handled with a genotype-by-environment term, which was not included in this analysis. Further, 

M8, with 57 variables, addressed heteroscedasticity across regions via ‰ but showed only modest 

gains over simpler models. The environmental relatedness matrix, ἕ, constructed from 24 weather 

predictors, adjusted regression coefficients and marginally enhanced prediction accuracy (M4 

versus M5). Future studies could explore alternative configurations of ἕ, similar to approaches 

used in genomic-assisted breeding leveraging extensive genetic marker information (Bhat et al. 

2021; Robertsen et al. 2019). Furthermore, consistency between model training and future 

deployment was achieved by conducting disease-weather linkage analysis using open-source 

weather database, instead of the weather library from previous work (Garnica and Ojiambo 

unpublished). However, further model validation is needed to confirm the robustness and 

reliability of the model predictions under diverse field conditions. 
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The robustness of the mixed beta regression framework was tested with simulated data, 

varying group levels, random-effect standard deviation („), and relatedness matrices (ἓᶻ and 

ἕᶻ ). As expected, the results indicated that increasing random-effect levels reduced bias and 

improved precision, emphasizing the value of incorporating additional environments beyond those 

used in this study. Under the current simulation settings, incorrect parameter sign estimation 

occurred mainly with small-effect predictors and was less frequent when ἕᶻ  was used. This 

finding is critical, as the weather-based coefficients estimated from a sample must align with the 

target population for reliable future predictions. If the sign of a coefficient is reversed and new 

environment data fall outside the studied range, the model’s predictive accuracy could be 

significantly compromised. To address this risk, we conducted a sensitivity analysis and included 

the ranges of predictors in the supplementary tables.  

In summary, this study demonstrated that Bayesian models incorporating both pre-planting 

factors and pre-anthesis weather inputs effectively capture the dynamics of SNB in winter wheat. 

The probabilistic framework developed here not only predicts end-of-season SNB severity but also 

quantifies the uncertainty of these predictions, accounting for agronomic practices and spring 

weather conditions in North Carolina. The models offer valuable insights into the environmental 

factors shaping disease risk, serving as a predictive tool for SNB. However, a consistent trend 

across all models was the underprediction of severe SNB epidemics, likely due to the exclusion of 

post-anthesis weather data and other unaccounted factors. While internal validation indicated 

reasonable accuracy for the weather-based models, external validation with different wheat 

cultivars and out-of-sample environments is needed to generalize the findings. Future applications 

could involve integrating models like M6, M7, or M9 into web- or smartphone-based DSSs, 

providing real-time risk assessments for SNB. This would enable farmers to make informed 

adjustments to fungicide strategies based on current weather forecasts and local field conditions. 

Additionally, although these models have the potential to enhance disease management, further 

research is necessary to assess the cost-effectiveness of their predictions. Establishing the 

economic value of model-based fungicide recommendations will be critical in determining their 

utility for reducing yield losses and improving return on investment from fungicide use in wheat. 
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Table 4.1. Description of the six pre-anthesis weather variables used as predictors in competing Bayesian hierarchical models (M4–M6) 

to predict the severity of Stagonospora nodorum blotch in winter wheat. 

Predictora Definition 

fa1.64_59.R.0.6.rl.count2.daytime.sum_21 c 

fa1.64_53.T.16T19.daytime.sum_28 
Number of daytime hours with 16°C ≤ T ≤ 19°C, aggregated over a 28-day rolling window, between 64 and 53 

days before anthesis. 

fa1.43_33.TRH.7T10nRH.G85.dawn.sum_21 
Number of dawn events with 7°C ≤ T ≤ 10°C and RH ≥ 85%, aggregated over a 21-day rolling window, between 

43 and 33 days before anthesis. 

fa1.27_22.TR.10T13nR.G.0.2.daytime.sum_28 
Number of daytime hours with 10°C ≤ T ≤ 13°C and R ≥ 0.2 mm, aggregated over a 28-day rolling window, 

between 27 and 22 days before anthesis. 

fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28 
Number of daytime hours with 19°C ≤ T ≤ 22°C and R ≥ 0.2 mm, aggregated over a 28-day rolling window, 

between 15 and 2 days before anthesis. 

fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 
Number of dawn hours with 13°C ≤ T ≤ 16°C and R ≥ 0.2 mm, aggregated over a 14-day rolling window, 

between 15 and 0 days before anthesis. 
a Weather predictors were engineered using hourly meteorological data and environmental factor loadings from a factor-analytic model 

explaining genotype-by-environment interactions in Stagonospora nodorum blotch foliar severity in wheat, combined with window-

pane analysis by Garnica and Ojiambo (unpublished). 
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Table 4.2. Description and performance metrics for competing Bayesian and XGBoost models for predicting the severity of 

Stagonospora nodorum blotch in winter wheat. Model 1 (M1) is the baseline model with pre-planting factors as predictors. Bayesian 

models (M2–M9) include random-effects for environments, an environmental relatedness matrix (ἕ), three configurations of weather 

predictors (‖, ‖ , and ‖ ), and a regional covariate for modeling the spread parameter (‰). 

a The 6 pre-anthesis meteorological predictors listed in Table 4.1. Either a weakly informative prior, e.g., ÎÏÒÍÁÌπȟρπ, or the R2-

Dirichlet-Decomposition (R2D2) shrinkage prior with parameters ‚ πȢυ, ‘ πȢψ, and • ρπ were applied on ‖.  
b The 57 fa1-derived pre-anthesis meteorological predictors listed in Table 4.S1. A R2D2 prior with parameters ‚ πȢυ, ‘ πȢψ, and 

• ρπ were applied on ‖ . 
c The 153 fa1, fa2,and fa3-derived pre-anthesis meteorological predictors listed in Table 4.S1. A R2D2 prior with parameters ‚ πȢυ, 
‘ πȢψ, and • ρπ were applied on ‖ . 
d elpd_diff: Difference in expected log point-wise predicted density value between the model and the top model. se_diff: Difference in 

standard error of expected log point-wise predicted density between the model and the top model. 
e V0 represents a validation scheme utilizing data from environments exclusively set aside for validation. Performance metrics include 

the indexes: root mean square error (RMSE), mean absolute error (MAE), and predictive interval coverage probability (PICP). 

 

 

Parameter  ‘     ‰ 
elpd_diff 

(se_diff)d 

V0 schemee 

Model  RESIDUE RESISTANCE ONSET SITE + ‖a 
‖a  

prior  
‖ b 

‖ b  

prior 
‖ c 

‖ c  

prior 

 
REGION 

RMSE 

(%) 

MAE 

(%) 

PICP 

(%) 

M1  x x x           -76.3 (9.1) 5.91 4.43 100 

M2  x x x x           -0.4 (0.7) 5.76 4.34 97.06 

M3  x x x x x          -0.3 (0.6) 5.74 4.33 97.06 

M4  x x x x  x 
Weakly  

informative 
  

 
 

 
 -0.3 (0.7) 4.64 3.50 100 

M5  x x x x x x 
Weakly  

informative 
  

 
 

 
 -0.6 (0.7) 4.24 3.18 100 

M6  x x x x x x R2D2       -0.6 (0.7) 4.70 3.36 100 

M7  x x x x    x R2D2     0.0 (0.0) 4.29 3.36 97.06 
M8  x x x x    x R2D2    x  -0.3 (1.9) 4.26 3.29 97.06 

M9  x x x x      x R2D2    -0.1 (0.4) 4.27 3.33 100 

XGBoost  – – – – – – – – –    – – 5.53 4.10 – 
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Figure 4.1. A) Geographical location of experiments used to predict epidemics of Stagonospora 

nodorum blotch (SNB) in winter wheat in North Carolina. Gray contours and colors indicate 

counties and Level III ecoregions. Dots represent experiment locations, with abbreviated names 

and years labeled. Different dot shapes signify the regions where trials were conducted; and B) a 

histogram of 151 SNB severity values. 
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Figure 4.2. Heatmap of the climatic relatedness matrix ἕ used in this study. Diagonal values are 

1, indicating perfect similarity among the twelve training environments. Off-diagonal values 

reflect the correlation values calculated based on Euclidean distance of 24 pre-anthesis weather 

predictors listed in Table 4.S2. Note the clustering of environments within the same year. 
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Figure 4.3. A) Scatterplot of predicted versus actual Stagonospora nodorum blotch (SNB) 

severities for the selected Bayesian model (M6) under the V0 scheme. Each dot represents the 

posterior mean prediction, with vertical lines showing the 95% credible intervals. The dashed line 

represents perfect agreement between predicted and observed values. The root mean square error 

(RMSE), mean absolute error (MAE), and predictive interval coverage probability (PICP) are 

measures of prediction accuracy; and B) Scatterplot showing the relationship between absolute 

model errors and actual SNB severity, with dots indicating individual errors and the red line 

representing the smoothed conditional mean. Vertical thick and thin lines denote the 80% and 95% 

credible intervals, respectively. 
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Figure 4.4. Direct acyclic graph describing the model for predicting epidemics of Stagonospora 

nodorum blotch in winter wheat. Severity (ώ ) is modeled for the i th disease case (a combination 

of wheat residue and cultivar susceptibility class) within the j th environment. Intercepts (‌) vary 

according to six pre-anthesis weather variables (‖) listed in Table 4.1 and are assumed to follow a 

normal distribution with covariance „ἕ, where ἕ is the climatic relatedness matrix shown in 

Figure 4.2. The beta distribution, parameterized by ‘  and ‰, was chosen since ώ  is defined on 

the interval (0, 1). The ‘  varies as a function of ‌ and ‍ parameters. 
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Figure 4.5. Posterior and average marginal effect distributions for A) and B), wheat residue 

(present and absent); C) and D), cultivar reaction class to Stagonospora nodorum blotch, with 

susceptible [S], moderately susceptible [MS], and moderately resistant [MR]); E) and F), and 

disease onset timing (pre- and post-anthesis), respectively. Thick and thin lines represent the 80% 

and 95% credible intervals, respectively. 
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Figure 4.6. Predicted Stagonospora nodorum blotch severities across six pre-anthesis weather 

predictors described in Table 4.1. A) fa1.64_59.R.0.6.rl.count2.daytime.sum_21; B) 

fa1.64_53.T.16T19.daytime.sum_28; C) fa1.43_33.TRH.7T10nRH.G85.dawn.sum_21; D) 

fa1.27_22.TR.10T13nR.G.0.2.daytime.sum_28; E) fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28; 

and F) fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14. Credible intervals are shown as follows: 50% 

(darkest), 80% (middle), and 95% (lightest). 
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Table 4.S1. Description of the 24 pre-anthesis weather predictors for constructing the environmental relatedness matrix ἕ used in 

Bayesian models M3, M5, and M6a. 

Predictora Definition 

fa3.39_31.TRH.19T22nRH.G85.dusk.sum_28 
Number of dusk hours with 19°C ≤ T ≤ 22°C and RH ≥ 85%, aggregated over a 28-day rolling window, between 39 and 31 

days before anthesis. 

fa2.59_54.R.0.2.rl.count6.daytime.sum_21 
Number of daytime events with at least 6 consecutive hours of R ≥ 0.2 mm, aggregated over a 21-day rolling window, between 

59 and 54 days before anthesis. 

fa2.24_13.R.0.2.rl.count6.nighttime.sum_21 
Number of nighttime events with at least 6 consecutive hours of R ≥ 0.2 mm, aggregated over a 21-day rolling window, 

between 24 and 13 days before anthesis. 

fa2.75_70.R.0.4.rl.count4.dawn.sum_7 
Number of dawn events with at least 4 consecutive hours of R ≥ 0.4 mm, aggregated over a 7-day rolling window, between 75 

and 70 days before anthesis. 

fa2.20_15.R.0.6.rl.count2.24h.sum_28 
Number of daily (24h) events with at least 2 consecutive hours of R ≥ 0.6 mm, aggregated over a 28-day rolling window, 

between 20 and 15 days before anthesis. 

fa2.40_34.R.AH.dusk.sum_21 Number of dusk hours with R > 0 mm, aggregated over a 21-day rolling window, between 40 and 34 days before anthesis. 

fa2.12_4.RH.30.rl.count6.24h.sum_28 
Number of daily (24h) events with at least 6 consecutive hours of RH ≥ 30%, aggregated over a 28-day rolling window, 

between 12 and 4 days before anthesis. 

fa2.26_13.RH6.peak4.nighttime.sum_28 
Number of nighttime oscillations of RH within a range of 4 standard deviations from the 6-hour moving average, aggregated 

over a 28-day window, between 26 and 13 days before anthesis. 

fa2.13_3.T6.peak4.daytime.sum_28 
Number of daytime oscillations of T within a range of 4 standard deviations from the 6-hour moving average, aggregated over 

a 28-day window, between 13 and 3 days before anthesis. 

fa2.16_11.T6.peak4.dusk.sum_7 
Number of dusk oscillations of T within a range of 4 standard deviations from the 6-hour moving average, aggregated over a 7-

day window, between 16 and 11 days before anthesis. 

fa2.37_31.T6.peak4.nighttime.sum_28 
Number of nighttime oscillations of T within a range of 4 standard deviations from the 6-hour moving average, aggregated 

over a 28-day window, between 37 and 31 days before anthesis. 

fa2.80_66.TR.7T10nR.G.0.2.dusk.sum_14 
Number of dusk hours with 7°C ≤ T ≤ 10°C and R ≥ 0.2 mm, aggregated over a 14-day rolling window, between 80 and 66 

days before anthesis. 

fa2.55_49.TRH.16T19nRH.G85.dusk.sum_21 
Number of dusk events with 16°C ≤ T ≤ 19°C and RH ≥ 85%, aggregated over a 21-day rolling window, between 55 and 49 

days before anthesis. 

fa1.13_6.ETo.G0.5.daytime.sum_28 
Number of daytime hours with ETo ≥ 0.5 mm, aggregated over a 28-day rolling window, between 13 and 6 days before 

anthesis. 

fa1.59_50.R.0.2.rl.count6.dawn.sum_14 
Number of dawn events with at least 6 consecutive hours of R ≥ 0.2 mm, aggregated over a 14-day rolling window, between 59 

and 50 days before anthesis. 

fa1.63_57.R.0.6.rl.count2.daytime.sum_28 
Number of daytime events with at least 2 consecutive hours of R ≥ 0.6 mm, aggregated over a 28-day rolling window, between 

63 and 57 days before anthesis. 

fa1.44_38.R.S.dusk.sum_28 Total R (mm) aggregated over a 28-day rolling window, between 44 and 38 days before anthesis. 

fa1.19_14.RH.G90.dawn.sum_21 Number of dawn hours with RH ≥ 90%, aggregated over a 21-day rolling window, between 19 and 14 days before anthesis. 

fa1.63_57.T.13T16.24h.sum_14 
Number of daily (24h) hours with 13°C ≤ T ≤ 16°C, aggregated over a 14-day rolling window, between 63 and 57 days before 

anthesis. 

fa1.59_54.T6.peak4.dawn.sum_14 
Number of dawn oscillations of T within a range of 4 standard deviations from the 6-hour moving average, aggregated over a 

14-day window, between 59 and 54 days before anthesis. 

fa1.5_0.T6.peak4.dusk.sum_14 
Number of dusk oscillations of T within a range of 4 standard deviations from the 6-hour moving average, aggregated over a 

14-day window, between 5 and 0 days before anthesis. 
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fa1.6_1.TR.13T16nR.G.0.2.dawn.sum_28 
Number of dawn hours with 13°C ≤ T ≤ 16°C and R ≥ 0.2 mm, aggregated over a 28-day rolling window, between 6 and 1 days 

before anthesis. 

fa1.53_48.TRH.13T16nRH.G85.dawn.sum_21 
Number of dawn events with 13°C ≤ T ≤ 16°C and RH ≥ 85%, aggregated over a 21-day rolling window, between 53 and 48 

days before anthesis. 

fa1.36_26.TRH.7T10nRH.G85.dawn.sum_28 
Number of dawn events with 7°C ≤ T ≤ 10°C and RH ≥ 85%, aggregated over a 28-day rolling window, between 36 and 26 

days before anthesis. 
a Weather predictors were engineered using hourly meteorological data and environmental factor loadings from a factor-analytic model 

explaining genotype-by-environment interactions in Stagonospora nodorum blotch foliar severity in wheat, combined with window-

pane analysis by Garnica and Ojiambo (unpublished). 
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Table 4.S2. Descriptive statistics for the Stagonospora nodorum blotch weather library, comprising 153 first-level pre-anthesis weather 

predictors, including 57 variables associated with fa1, 80 with fa2, and 16 with fa3. The table outlines each variable alongside its optimal 

epidemiological period (start and end LAGs), duration, and corresponding second-level predictor. Statistics include minimum, first 

quartile, mean, third quartile. The six selected pre-anthesis weather-based predictors for the selected Bayesian model (M6) are 

highlighted in bold. 

Factor 

loading 
First-level variable 

LAG 

start 

LAG 

end 
Duration Second-level variable 

Descriptive statisticsa (hours or events) 

min q1 mean q3 max 

fa1 

TR.13T16nR.G.0.2.daytime.sum_7 92 87 6 fa1.92_87.TR.13T16nR.G.0.2.daytime.sum_7 0 0 1.9 0 13 

TRH.13T16nRH.G85.daytime.sum_7 79 73 7 fa1.79_73.TRH.13T16nRH.G85.daytime.sum_7 0 4.5 15.7 25.2 45 
TRH.13T16nRH.G85.daytime.sum_14 74 67 8 fa1.74_67.TRH.13T16nRH.G85.daytime.sum_14 0 15.2 27.8 39.8 63 

TRH.13T16nRH.G85.daytime.sum_21 73 67 7 fa1.73_67.TRH.13T16nRH.G85.daytime.sum_21 0 14.5 32.9 52.5 81 

R.0.2.rl.count6.dusk.sum_21 67 49 19 fa1.67_49.R.0.2.rl.count6.dusk.sum_21 0 0 1.9 0 19 

R.0.2.rl.count6.dusk.sum_28 67 40 28 fa1.67_40.R.0.2.rl.count6.dusk.sum_28 0 0 2.8 0 27 

T.16T19.daytime.sum_7 65 60 6 fa1.65_60.T.16T19.daytime.sum_7 18 26 55.9 80.5 120 

R.0.2.rl.count6.dusk.sum_14 64 55 10 fa1.64_55.R.0.2.rl.count6.dusk.sum_14 0 0 1.1 0 10 
R.0.6.rl.count2.daytime.sum_21 64 59 6 fa1.64_59.R.0.6.rl.count2.daytime.sum_21 0 6.2 14.3 20.5 30 

T.16T19.daytime.sum_14 64 56 9 fa1.64_56.T.16T19.daytime.sum_14 46 86.2 160.1 231.8 297 

T.16T19.daytime.sum_21 64 59 6 fa1.64_59.T.16T19.daytime.sum_21 42 85.2 136 183.5 227 
T.16T19.daytime.sum_28 64 53 12 fa1.64_53.T.16T19.daytime.sum_28 144 266.2 362.8 481.8 547 

R.0.6.rl.count2.daytime.sum_28 63 57 7 fa1.63_57.R.0.6.rl.count2.daytime.sum_28 6 15.5 22.6 27.2 51 
T.13T16.24h.sum_14 63 57 7 fa1.63_57.T.13T16.24h.sum_14 67 201.8 260.8 317.2 446 

TR.3T7nR.G.0.2.dusk.sum_21 63 56 8 fa1.63_56.TR.3T7nR.G.0.2.dusk.sum_21 0 0 32 46.2 139 

R.0.2.rl.count6.dawn.sum_14 59 50 10 fa1.59_50.R.0.2.rl.count6.dawn.sum_14 0 0 4.2 6.8 11 
T6.peak4.dawn.sum_14 59 54 6 fa1.59_54.T6.peak4.dawn.sum_14 34 50.2 56.9 65 73 

T.13T16.dusk.sum_14 57 49 9 fa1.57_49.T.13T16.dusk.sum_14 56 144.2 168.8 202 243 

RH.L40.dawn.sum_28 55 50 6 fa1.55_50.RH.L40.dawn.sum_28 0 5 20.5 32 53 
TRH.13T16nRH.G85.dawn.sum_21 53 48 6 fa1.53_48.TRH.13T16nRH.G85.dawn.sum_21 18 42 59.2 81 100 

TR.19T22nR.G.0.2.dusk.sum_7 47 42 6 fa1.47_42.TR.19T22nR.G.0.2.dusk.sum_7 0 0 0.9 0 6 

T6.peak4.dawn.sum_28 45 40 6 fa1.45_40.T6.peak4.dawn.sum_28 65 97.2 104.7 116 135 
R.S.dusk.sum_28 44 38 7 fa1.44_38.R.S.dusk.sum_28 29.2 87.3 145.8 189.8 290.9 

TRH.7T10nRH.G85.dawn.sum_14 44 39 6 fa1.44_39.TRH.7T10nRH.G85.dawn.sum_14 2 20.2 51.6 89.2 114 

RH.30.rl.count4.dawn.sum_14 43 30 14 fa1.43_30.RH.30.rl.count4.dawn.sum_14 0 0 0.8 0 14 
RH.30.rl.count4.dawn.sum_21 43 26 18 fa1.43_26.RH.30.rl.count4.dawn.sum_21 0 0 1.2 0 18 

RH.30.rl.count4.dawn.sum_28 43 16 28 fa1.43_16.RH.30.rl.count4.dawn.sum_28 0 0 2.3 0 28 

RH.30.rl.count4.dawn.sum_7 43 37 7 fa1.43_37.RH.30.rl.count4.dawn.sum_7 0 0 0.4 0 7 
TRH.7T10nRH.G85.dawn.sum_21 43 33 11 fa1.43_33.TRH.7T10nRH.G85.dawn.sum_21 11 58 130.8 212.8 240 

RH.30.rl.count4.nighttime.sum_14 37 30 8 fa1.37_30.RH.30.rl.count4.nighttime.sum_14 0 0 1.5 0.8 8 

TRH.7T10nRH.G85.dawn.sum_28 36 26 11 fa1.36_26.TRH.7T10nRH.G85.dawn.sum_28 13 96 162.4 238 263 
T6.peak4.dusk.sum_7 34 27 8 fa1.34_27.T6.peak4.dusk.sum_7 1 7.2 11.1 16 20 

TR.10T13nR.G.0.2.daytime.sum_14 29 22 8 fa1.29_22.TR.10T13nR.G.0.2.daytime.sum_14 0 3.8 14.6 21 58 

TR.10T13nR.G.0.2.daytime.sum_21 29 21 9 fa1.29_21.TR.10T13nR.G.0.2.daytime.sum_21 0 18 29.3 35 77 
TR.10T13nR.G.0.2.daytime.sum_28 27 22 6 fa1.27_22.TR.10T13nR.G.0.2.daytime.sum_28 0 13.5 26.3 36 73 

TRH.16T19nRH.G85.dawn.sum_28 22 15 8 fa1.22_15.TRH.16T19nRH.G85.dawn.sum_28 6 36.5 88.6 115.5 283 

TR.19T22nR.G.0.2.dusk.sum_28 20 15 6 fa1.20_15.TR.19T22nR.G.0.2.dusk.sum_28 0 0 7.6 12 28 
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RH.G90.dawn.sum_21 19 14 6 fa1.19_14.RH.G90.dawn.sum_21 107 160.8 201.6 241.8 306 
TR.13T16nR.G.0.2.nighttime.sum_28 19 13 7 fa1.19_13.TR.13T16nR.G.0.2.nighttime.sum_28 0 26.8 51.2 68.5 121 

TRH.16T19nRH.G85.nighttime.sum_28 19 14 6 fa1.19_14.TRH.16T19nRH.G85.nighttime.sum_28 10 44.5 98.7 126.8 249 

TRH.19T22nRH.L40.nighttime.sum_14 18 12 7 fa1.18_12.TRH.19T22nRH.L40.nighttime.sum_14 0 0 1.3 0 14 
TRH.19T22nRH.L40.nighttime.sum_7 18 12 7 fa1.18_12.TRH.19T22nRH.L40.nighttime.sum_7 0 0 1.1 0 14 

ETo.G0.5.24h.sum_21 15 7 9 fa1.15_7.ETo.G0.5.24h.sum_21 106 146.5 163.9 174.5 267 

T.G28.dusk.sum_28 15 8 8 fa1.15_8.T.G28.dusk.sum_28 0 0 1 0 8 
TR.13T16nR.G.0.2.dawn.sum_14 15 0 16 fa1.15_0.TR.13T16nR.G.0.2.dawn.sum_14 0 3 17.2 21.2 68 

TR.19T22nR.G.0.2.daytime.sum_28 15 2 14 fa1.15_2.TR.19T22nR.G.0.2.daytime.sum_28 12 48.2 98.7 134.2 231 

TRH.19T22nRH.L40.nighttime.sum_28 14 8 7 fa1.14_8.TRH.19T22nRH.L40.nighttime.sum_28 0 0 2.7 4.5 14 
ETo.G0.5.24h.sum_28 13 6 8 fa1.13_6.ETo.G0.5.24h.sum_28 112 162 178.7 199.2 258 

ETo.G0.5.daytime.sum_28 13 6 8 fa1.13_6.ETo.G0.5.daytime.sum_28 112 162 178.7 199.2 258 

RH.90.rl.count4.dusk.sum_28 13 8 6 fa1.13_8.RH.90.rl.count4.dusk.sum_28 15 23.2 27.5 29 48 

TRH.13T16nRH.G85.daytime.sum_14 13 7 7 fa1.13_7.TRH.13T16nRH.G85.daytime.sum_14 3 10.8 25.3 35 83 

TR.13T16nR.G.0.2.dawn.sum_21 8 3 6 fa1.8_3.TR.13T16nR.G.0.2.dawn.sum_21 0 0.8 11.1 12.8 43 

TR.13T16nR.G.0.2.dawn.sum_28 6 1 6 fa1.6_1.TR.13T16nR.G.0.2.dawn.sum_28 0 6 15.6 18 51 
TR.3T7nR.G.0.2.daytime.sum_28 6 0 7 fa1.6_0.TR.3T7nR.G.0.2.daytime.sum_28 0 0 15.8 24 91 

T6.peak4.dusk.sum_14 5 0 6 fa1.5_0.T6.peak4.dusk.sum_14 12 27.2 33.9 41 58 

TRH.13T16nRH.G85.24h.sum_21 5 0 6 fa1.5_0.TRH.13T16nRH.G85.24h.sum_21 58 112.2 137.2 152 291 
TRH.13T16nRH.G85.24h.sum_7 5 0 6 fa1.5_0.TRH.13T16nRH.G85.24h.sum_7 0 16.8 40 50 144 

fa2 

R.0.4.rl.count4.nighttime.sum_7 85 80 6 fa2.85_80.R.0.4.rl.count4.nighttime.sum_7 0 1 3.2 5 10 

R.0.4.rl.count4.nighttime.sum_14 80 74 7 fa2.80_74.R.0.4.rl.count4.nighttime.sum_14 0 7 10.9 16.5 29 
TR.7T10nR.G.0.2.dusk.sum_14 80 66 15 fa2.80_66.TR.7T10nR.G.0.2.dusk.sum_14 0 0 10.4 12.8 45 

TR.7T10nR.G.0.2.dusk.sum_7 77 70 8 fa2.77_70.TR.7T10nR.G.0.2.dusk.sum_7 0 0 3.4 4 28 

R.0.4.rl.count4.dawn.sum_7 75 70 6 fa2.75_70.R.0.4.rl.count4.dawn.sum_7 0 0 2.3 3 13 
RH6.peak4.daytime.sum_7 70 63 8 fa2.70_63.RH6.peak4.daytime.sum_7 16 30.5 38.6 45.8 67 

RH6.peak4.daytime.sum_14 64 57 8 fa2.64_57.RH6.peak4.daytime.sum_14 35 59.8 71.4 87.5 109 

T6.peak4.daytime.sum_14 64 58 7 fa2.64_58.T6.peak4.daytime.sum_14 46 59 65.9 75.2 81 

T6.peak4.daytime.sum_21 64 24 41 fa2.64_24.T6.peak4.daytime.sum_21 165 193 208.2 224.2 241 

TRH.16T19nRH.G85.dawn.sum_7 63 58 6 fa2.63_58.TRH.16T19nRH.G85.dawn.sum_7 0 0 11.4 23 31 

R.0.2.rl.count6.dusk.sum_28 62 57 6 fa2.62_57.R.0.2.rl.count6.dusk.sum_28 0 0 0.7 0 6 
RH6.peak4.daytime.sum_28 62 57 6 fa2.62_57.RH6.peak4.daytime.sum_28 75 93.2 109.9 127.5 152 

R.0.2.rl.count6.daytime.sum_21 59 54 6 fa2.59_54.R.0.2.rl.count6.daytime.sum_21 0 6 7.4 9.8 12 

R.0.2.rl.count6.daytime.sum_28 59 53 7 fa2.59_53.R.0.2.rl.count6.daytime.sum_28 2 7 11.7 16 18 
R.0.6.rl.count2.daytime.sum_14 58 53 6 fa2.58_53.R.0.6.rl.count2.daytime.sum_14 2 7 11.6 15.5 31 

RH.90.rl.count6.dusk.sum_14 58 50 9 fa2.58_50.RH.90.rl.count6.dusk.sum_14 0 0 3 6 9 

TRH.16T19nRH.G85.24h.sum_14 58 53 6 fa2.58_53.TRH.16T19nRH.G85.24h.sum_14 0 28.5 51.8 75.8 126 
RH.90.rl.count6.dusk.sum_21 56 48 9 fa2.56_48.RH.90.rl.count6.dusk.sum_21 0 0 3.5 9 9 

R.0.4.rl.count4.daytime.sum_14 55 50 6 fa2.55_50.R.0.4.rl.count4.daytime.sum_14 0 5 6.3 7.5 13 

TRH.16T19nRH.G85.dusk.sum_21 55 49 7 fa2.55_49.TRH.16T19nRH.G85.dusk.sum_21 2 8.5 24.7 33.2 70 
TRH.16T19nRH.G85.dusk.sum_28 47 39 9 fa2.47_39.TRH.16T19nRH.G85.dusk.sum_28 8 45.2 55.4 63.5 139 

TRH.19T22nRH.G85.dusk.sum_14 46 35 12 fa2.46_35.TRH.19T22nRH.G85.dusk.sum_14 0 0 6.1 11 34 

TRH.19T22nRH.G85.dusk.sum_21 46 35 12 fa2.46_35.TRH.19T22nRH.G85.dusk.sum_21 0 0 9 12.8 48 
RH.90.rl.count6.dusk.sum_28 43 36 8 fa2.43_36.RH.90.rl.count6.dusk.sum_28 0 0 3.8 8 13 

TRH.16T19nRH.G85.nighttime.sum_28 43 37 7 fa2.43_37.TRH.16T19nRH.G85.nighttime.sum_28 0 56 96.8 131.8 248 

TRH.19T22nRH.G85.dusk.sum_28 43 32 12 fa2.43_32.TRH.19T22nRH.G85.dusk.sum_28 0 0 12.4 19 59 
R.AH.dusk.sum_28 41 35 7 fa2.41_35.R.AH.dusk.sum_28 77 132.8 160.9 181.5 243 

TR.16T19nR.G.0.2.daytime.sum_21 41 25 17 fa2.41_25.TR.16T19nR.G.0.2.daytime.sum_21 0 25.2 68.2 96 188 

TR.19T22nR.G.0.2.dusk.sum_21 41 36 6 fa2.41_36.TR.19T22nR.G.0.2.dusk.sum_21 0 0 2 6 6 
TR.19T22nR.G.0.2.dusk.sum_28 41 36 6 fa2.41_36.TR.19T22nR.G.0.2.dusk.sum_28 0 0 2.3 6 6 
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TR.3T7nR.G.0.2.dawn.sum_28 41 35 7 fa2.41_35.TR.3T7nR.G.0.2.dawn.sum_28 0 1.5 22.4 36.5 92 
R.AH.dusk.sum_21 40 34 7 fa2.40_34.R.AH.dusk.sum_21 61 103.2 121.8 141.8 214 

T6.peak4.daytime.sum_28 40 21 20 fa2.40_21.T6.peak4.daytime.sum_28 181 195.2 203.7 206.2 252 

R.AH.dusk.sum_14 39 34 6 fa2.39_34.R.AH.dusk.sum_14 32 57.8 79.2 100 140 
T6.peak4.nighttime.sum_28 37 31 7 fa2.37_31.T6.peak4.nighttime.sum_28 18 28 42.3 56.8 67 

TR.16T19nR.G.0.2.daytime.sum_28 34 23 12 fa2.34_23.TR.16T19nR.G.0.2.daytime.sum_28 0 29.2 64.9 90.5 149 

RH6.peak4.daytime.sum_21 33 17 17 fa2.33_17.RH6.peak4.daytime.sum_21 198 233.5 264.8 284.5 354 
R.0.2.rl.count6.nighttime.sum_14 29 16 14 fa2.29_16.R.0.2.rl.count6.nighttime.sum_14 0 0 6.5 11 21 

R.0.2.rl.count6.nighttime.sum_7 29 23 7 fa2.29_23.R.0.2.rl.count6.nighttime.sum_7 0 0 1.4 3.5 7 

TR.19T22nR.G.0.2.dusk.sum_14 29 24 6 fa2.29_24.TR.19T22nR.G.0.2.dusk.sum_14 0 0 4.6 6 18 
R.AH.dusk.sum_28 26 18 9 fa2.26_18.R.AH.dusk.sum_28 124 200.5 228.7 258.2 310 

RH.30.rl.count4.dawn.sum_28 26 16 11 fa2.26_16.RH.30.rl.count4.dawn.sum_28 0 0 1.2 0 11 

RH.90.rl.count6.daytime.sum_21 26 2 25 fa2.26_2.RH.90.rl.count6.daytime.sum_21 0 7.2 22.6 30.5 53 

RH6.peak4.daytime.sum_28 26 18 9 fa2.26_18.RH6.peak4.daytime.sum_28 137 162 186.5 207.2 252 

RH6.peak4.nighttime.sum_28 26 13 14 fa2.26_13.RH6.peak4.nighttime.sum_28 40 94.2 108.2 123.5 183 

RH.30.rl.count4.nighttime.sum_14 25 16 10 fa2.25_16.RH.30.rl.count4.nighttime.sum_14 0 0 2.1 0 10 
RH.90.rl.count6.daytime.sum_14 25 19 7 fa2.25_19.RH.90.rl.count6.daytime.sum_14 0 0 5 8.5 13 

R.0.2.rl.count6.nighttime.sum_21 24 13 12 fa2.24_13.R.0.2.rl.count6.nighttime.sum_21 0 1.2 9.2 12.8 32 

T.22T25.dusk.sum_14 22 17 6 fa2.22_17.T.22T25.dusk.sum_14 4 6 19.8 37.5 42 
T6.peak4.nighttime.sum_14 22 17 6 fa2.22_17.T6.peak4.nighttime.sum_14 6 9.2 14.7 17.8 37 

TRH.19T22nRH.L40.nighttime.sum_21 22 15 8 fa2.22_15.TRH.19T22nRH.L40.nighttime.sum_21 0 0 1.3 0 8 

TRH.19T22nRH.L40.nighttime.sum_28 22 15 8 fa2.22_15.TRH.19T22nRH.L40.nighttime.sum_28 0 0 1.3 0 8 
RH.30.rl.count4.nighttime.sum_21 21 15 7 fa2.21_15.RH.30.rl.count4.nighttime.sum_21 0 0 1.7 0 9 

R.0.6.rl.count2.24h.sum_28 20 15 6 fa2.20_15.R.0.6.rl.count2.24h.sum_28 30 45 49.8 56.5 67 

RH.90.rl.count6.daytime.sum_28 19 0 20 fa2.19_0.RH.90.rl.count6.daytime.sum_28 0 8.8 22.1 30.5 51 
ETo.G0.5.dawn.sum_21 18 13 6 fa2.18_13.ETo.G0.5.dawn.sum_21 0 0 1.6 0.8 12 

R.0.4.rl.count4.dusk.sum_21 18 9 10 fa2.18_9.R.0.4.rl.count4.dusk.sum_21 0 0 6.2 10 20 
T.22T25.dusk.sum_21 18 13 6 fa2.18_13.T.22T25.dusk.sum_21 6 21.2 37.4 56.5 75 

T6.peak4.dusk.sum_21 18 6 13 fa2.18_6.T6.peak4.dusk.sum_21 36 50 67.9 82.8 103 

RH.30.rl.count6.24h.sum_21 17 10 8 fa2.17_10.RH.30.rl.count6.24h.sum_21 0 0 13.7 16 63 
T6.peak4.dusk.sum_14 17 11 7 fa2.17_11.T6.peak4.dusk.sum_14 9 18 24.8 30.5 51 

T6.peak4.dusk.sum_7 16 11 6 fa2.16_11.T6.peak4.dusk.sum_7 1 9.2 14 16.8 33 

TRH.10T13nRH.G85.nighttime.sum_14 15 8 8 fa2.15_8.TRH.10T13nRH.G85.nighttime.sum_14 35 51 78.1 105.5 129 
ETo.G0.5.dawn.sum_28 14 4 11 fa2.14_4.ETo.G0.5.dawn.sum_28 0 0 4.1 9.5 22 

R.0.4.rl.count4.dusk.sum_28 14 7 8 fa2.14_7.R.0.4.rl.count4.dusk.sum_28 0 0 6.1 8 20 

TRH.10T13nRH.G85.dusk.sum_28 14 8 7 fa2.14_8.TRH.10T13nRH.G85.dusk.sum_28 33 41.2 64.8 82 101 
TRH.22T25nRH.L40.nighttime.sum_21 14 9 6 fa2.14_9.TRH.22T25nRH.L40.nighttime.sum_21 0 0 0.7 0 12 

TRH.22T25nRH.L40.nighttime.sum_28 14 5 10 fa2.14_5.TRH.22T25nRH.L40.nighttime.sum_28 0 0 1.1 0 20 

T6.peak4.daytime.sum_21 13 1 13 fa2.13_1.T6.peak4.daytime.sum_21 122 164.2 199.3 230 284 
T6.peak4.daytime.sum_28 13 3 11 fa2.13_3.T6.peak4.daytime.sum_28 157 173 207.4 231.2 278 

T6.peak4.dusk.sum_28 13 8 6 fa2.13_8.T6.peak4.dusk.sum_28 19 32.5 41 51.5 60 

T6.peak4.nighttime.sum_7 13 8 6 fa2.13_8.T6.peak4.nighttime.sum_7 0 1.5 4.9 6.8 12 

RH.30.rl.count6.24h.sum_28 12 4 9 fa2.12_4.RH.30.rl.count6.24h.sum_28 0 1.5 18.5 21.2 72 

RH.90.rl.count4.24h.sum_28 12 3 10 fa2.12_3.RH.90.rl.count4.24h.sum_28 81 90.2 103.2 113.8 139 

RH.30.rl.count4.nighttime.sum_28 10 4 7 fa2.10_4.RH.30.rl.count4.nighttime.sum_28 0 0 2.3 5.2 13 
TR.13T16nR.G.0.2.dusk.sum_14 8 3 6 fa2.8_3.TR.13T16nR.G.0.2.dusk.sum_14 0 0 11.3 21.8 38 

TR.13T16nR.G.0.2.dusk.sum_7 8 3 6 fa2.8_3.TR.13T16nR.G.0.2.dusk.sum_7 0 0 2.8 4 18 

TRH.10T13nRH.G85.nighttime.sum_21 8 2 7 fa2.8_2.TRH.10T13nRH.G85.nighttime.sum_21 35 68.8 91.2 114.2 157 
TR.16T19nR.G.0.2.dawn.sum_7 7 1 7 fa2.7_1.TR.16T19nR.G.0.2.dawn.sum_7 0 0 9.1 12 38 

T.10T13.dawn.sum_21 5 0 6 fa2.5_0.T.10T13.dawn.sum_21 126 158.8 174.3 185 238 
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fa3 

TR.13T16nR.G.0.2.daytime.sum_7 81 75 7 fa3.81_75.TR.13T16nR.G.0.2.daytime.sum_7 0 0 7.3 10.8 28 

TR.13T16nR.G.0.2.daytime.sum_14 79 68 12 fa3.79_68.TR.13T16nR.G.0.2.daytime.sum_14 0 0 16.3 30 49 

RH6.peak4.dusk.sum_7 68 62 7 fa3.68_62.RH6.peak4.dusk.sum_7 0 6.5 12.8 17.2 30 

RH6.peak4.dusk.sum_14 64 58 7 fa3.64_58.RH6.peak4.dusk.sum_14 8 15.5 25.4 36 49 

RH6.peak4.dusk.sum_28 64 57 8 fa3.64_57.RH6.peak4.dusk.sum_28 26 44.8 59.3 74.8 89 

R.0.4.rl.count4.daytime.sum_21 51 45 7 fa3.51_45.R.0.4.rl.count4.daytime.sum_21 0 7 10.5 14.8 20 

TRH.19T22nRH.L40.dusk.sum_7 40 35 6 fa3.40_35.TRH.19T22nRH.L40.dusk.sum_7 0 0 2.2 2.8 12 

TRH.19T22nRH.G85.dusk.sum_28 39 31 9 fa3.39_31.TRH.19T22nRH.G85.dusk.sum_28 0 0 10.6 12.8 45 

RH6.peak4.daytime.sum_14 36 25 12 fa3.36_25.RH6.peak4.daytime.sum_14 92 114.5 125.8 135.8 173 

RH6.peak4.daytime.sum_21 31 19 13 fa3.31_19.RH6.peak4.daytime.sum_21 151 179.2 202.7 213.8 275 

RH6.peak4.daytime.sum_28 30 15 16 fa3.30_15.RH6.peak4.daytime.sum_28 247 292 331.5 368.2 429 

TRH.25T28nRH.L40.24h.sum_7 20 10 11 fa3.20_10.TRH.25T28nRH.L40.24h.sum_7 0 0 1.4 0 17 

TRH.25T28nRH.L40.24h.sum_14 15 10 6 fa3.15_10.TRH.25T28nRH.L40.24h.sum_14 0 0 2 1.5 18 

TRH.22T25nRH.L40.nighttime.sum_21 14 0 15 fa3.14_0.TRH.22T25nRH.L40.nighttime.sum_21 0 0 1.9 0 30 

TRH.22T25nRH.L40.nighttime.sum_28 14 0 15 fa3.14_0.TRH.22T25nRH.L40.nighttime.sum_28 0 0 1.9 0 30 

TRH.22T25nRH.L40.nighttime.sum_14 11 1 11 fa3.11_1.TRH.22T25nRH.L40.nighttime.sum_14 0 0 1.4 0 22 
a min = minimum, q1 = first quartile, q3 = third quartile, and max = maximum values. Weather variables with a ‘count’ base (e.g., 

R.0.5.rl.count5.dusk.sum_15) or a ‘peak’ base (e.g., RH6.peak4.nighttime.sum_10) indicate the number of events during the optimal 

epidemiological period, while other variables represent the accumulated hours. 
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Figure 4.S1. Forest plot of environment-specific intercepts of ‘ , in ascending order, extracted 

from the posterior distribution of random-effects. The dotted black line represents the grand mean, 

while the gray lines denote the 95% credible intervals. Vertical thick and thin lines indicate the 

80% and 95% credible intervals, respectively.  
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Figure 4.S2. Bias (measured by the deviation from dots and dotted lines) and precision (reflected 

by the width of the 95% credible intervals) of the first-level regression coefficient estimates 

(‍ᶻ , ‍ᶻ , ‍ᶻ , ‍ᶻ , ‍ᶻ ), „ᶻ, and the spread parameter 

(‰ᶻ) under varying numbers of random-effects group levels or environments (j = 10, 25, 50, 100, 

and 250), simulated standard deviations („ = 0.3 and 0.9), and environmental relatedness matrices 

(ἓᶻ and ἕᶻ ). 
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Figure 4.S3. Bias (measured by the deviation from dots and dotted lines) and precision (reflected 

by the width of the 95% credible intervals) of the second-level regression coefficient estimates 

(‖ᶻ , ‖ᶻ , ‖ᶻ , ‖ᶻ , ‖ᶻ , and ‖ᶻ ) under varying numbers of random-effects group levels or 

environments (j = 10, 25, 50, 100, and 250), simulated standard deviations („ = 0.3 and 0.9), and 

environmental relatedness matrices (ἓᶻ and ἕᶻ ). 
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Figure 4.S4. The relative importance of 20 epidemiological features associated with epidemics of 

Stagonospora nodorum blotch in winter wheat identified by the XGBoost model. 
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Figure 4.S5. A) Scatterplot of predicted versus actual Stagonospora nodorum blotch (SNB) 

severities for XGBoost model under the V0 scheme. Each dot represents the mean prediction. The 

dashed line represents perfect agreement between predicted and observed values. The root mean 

square error (RMSE) and mean absolute error (MAE) are measures of prediction accuracy; and B) 

Scatterplot showing the relationship between absolute model errors and actual SNB severity, with 

dots indicating individual errors and the red line representing the smoothed conditional mean. 
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CHAPTER 5 

MSE FINDR: A Shiny R Application to Estimate Mean Square Error Using Treatment 

Means and Post-hoc Test Results 
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5.1. Abstract 

Research synthesis methods such as meta-analysis rely primarily on appropriate summary statistics 

(i.e., means and variance) of a response of interest for implementation to draw general conclusions 

from a body of research. A commonly encountered problem arises when a measure of variability 

of a response across a study is not explicitly provided in the summary statistics of primary studies. 

Typically, these otherwise credible studies are omitted in research synthesis leading to potential 

small-study effects and loss of statistical power. We present MSE FINDR, a user-friendly Shiny R 

application for estimating the mean square error (i.e., within-study residual variance, „ ) for 

continuous outcomes from ANOVA-type studies, with specific experimental designs and 

treatment structures (Latin square, completely randomized, randomized complete block, two-way 

factorial, and split-plot designs). MSE FINDR accomplishes this by using commonly reported 

information on treatment means, significance level (α), number of replicates and post-hoc mean 

separation tests (Fisher’s LSD, Tukey’s HSD, Bonferroni, Šidák and Scheffé). Users upload a CSV 

file containing the relevant information reported in the study, then specify the experimental design 

and post-hoc test that was applied in the analysis of the underlying data. MSE FINDR then proceeds 

to recover „ , based on user-provided study information. The recovered within-study variance can 

be downloaded and exported as a CSV file. Simulations of trials with variable number of 

treatments and treatment effects showed that the MSE FINDR-recovered „  was an accurate 

predictor of the actual ANOVA „  for one-way experimental designs when summary statistics 

(i.e., means, variance and post-hoc results) were available for the single factor. Similarly, „  

recovered by application accurately predicted the actual „  for two-way experimental designs 

when summary statistics were available for both factors and the sub-plot factor in split-plot 

designs, irrespective of the post-hoc mean separation test. The MSE FINDR Shiny application, 

documentation and an accompanying tutorial are hosted at 

https://garnica.shinyapps.io/MSE_FindR/ and https://github.com/vcgarnica/MSE_FindR/. With 

this tool, researchers can now easily estimate the within-study variance absent in published reports 

that nonetheless provide appropriate summary statistics, thus enabling the inclusion of such studies 

that would have otherwise been excluded in meta-analyses involving estimates of effect sizes 

based on a continuous response.  

 

https://garnica.shinyapps.io/MSE_FindR/
https://github.com/vcgarnica/MSE_FindR/
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Keywords: meta-analysis, missing summary statistics, residual variance recovery, R Shiny, 
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5.2. Introduction 

Scientific progress depends on our ability to reach broad generalizations from knowledge 

generated across a related body of research using results that may reside in many disparate sources 

(Hunter and Schmidt 2004; Madden and Paul 2011; Scheiner and Gurevitch 2001). Meta-analysis, 

a statistical synthesis methodology, has been fundamental in combining the results of separate, 

independent studies, to reach an overall understanding of a research problem (Borenstein et al. 

2021; Gurevitch et al. 2018; Lipsey and Wilson 2001). When studies of interest have met the 

criteria for inclusion in a meta-analysis following a systematic review, they are statistically 

combined to estimate the magnitude and direction of the overall effect size (Borenstein et al. 2021). 

In the present study, we focus on meta-analyses that utilize means and variances to estimate effect 

sizes based on a continuous response in an analysis of variance setting.  

Meta-analysis relies on the availability of either the actual individual-study raw data or 

study-level summary metrics such as the sample size, treatment mean and variability of the data 

(i.e., variance or standard deviation). Variance metrics are required because effect sizes in 

moment- and likelihood-based meta-analytic methods are commonly weighted by the inverse of 

their variances whereby studies with low residual variances are given more weight than those with 

larger residual variances (Borenstein et al. 2021). However, plant disease (Madden and Paul 2011) 

and ecological (Gurevitch and Hedges 1999; Scheiner and Gurevitch 2001) research data are not 

always adequately reported in the literature, with many studies reporting mean effects but not any 

associated variability metrics. For example, Ngugi et al. (2011) observed that > 97% of the reports 

on product efficacy published in Fungicide & Nematicide Tests, Biological & Cultural Tests and 

Plant Disease Management Reports, did not directly provide the pooled sample variance or a 

related statistic. Additionally, the underlying raw data that could be used to generate summary 

statistics for these reported studies are rarely available (Sparks et al. 2023). Variability metrics can 

be calculated algebraically from other parametric summary statistics such as t-tests, F-value or P-

value, contained in the primary report (Batson and Burton 2016; Thiessen Philbrook et al. 2007). 

These calculations, however, assume the original data follows normality assumptions (Lipsey and 

Wilson 2001). Equations used in these calculations are also limited by the numerical precision of 
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the reported summary statistics and become increasingly unreliable when too few digits are 

reported due to rounding (Acutis et al. 2022; Lajeunesse, 2013). Consequently, studies in which 

the underlying raw data are not available, or which lack basic summary statistics, are usually 

omitted in projects on quantitative synthesis of research results. This can lead to imprecision and 

biases in meta-analysis results (Borenstein et al. 2009; Weir et al. 2018). As a result, there has been 

increasing interest in developing methods that will allow the inclusion of studies lacking the 

required summary statistics into the meta-analysis (Acutis et al. 2022; Adam et al. 1997; 

Chowdhury et al. 2016; Ngugi et al. 2011). The methods developed in these latter studies are 

increasingly being used by applied researchers in their research synthesis studies (Fohrafellner et 

al. 2023; Kong et al. 2023; Tadiello et al. 2023).  

One method suggested to synthesize results from studies with no variability metrics is to 

conduct an unweighted meta-analysis using the log response ratio as the effect size (Adams et al. 

1997). This approach requires only the mean but not the standard deviation to compute 

bootstrapped confidence intervals (Gurevitch and Hedges 1999; Scheiner and Gurevitch 2001). 

However, the approach can be viewed as a very crude surrogate for a traditional meta-analysis and 

should be used when no other technique is available for research synthesis (Lajeunesse 2013). 

Imputation methods have also been proposed for estimating missing sample variances (Chowdhury 

et al. 2016; Furukawa et al. 2006). However, they assume that the individual-study information is 

missing at random and not because of reporting biases. In addition, the assumption that studies are 

missing at random is untestable (Higgins et al. 2008). Imputation techniques are also appropriate 

only when a minority of studies to be included in a meta-analysis are missing variability metrics. 

To address the limitations of multiple imputation methods, Nakagawa et al. (2023) recently 

proposed using a weighted average coefficient of variation (CV) estimated from studies in the 

dataset that do report standard deviations. Their approach is limited to using the log response ratio 

as the effect size and can result in biased estimates of the effect size when CVs are different 

between studies and within-study sample size is relatively small (Nakagawa et al. 2023).  

In an analysis of variance (ANOVA) setting, the within-study residual variance, „ , is 

equivalent to the mean square error (MSE) and is an estimate of the true variance („), given the 

assumption of homogenous (pooled) variances among treatment groups. In ANOVA, post-hoc test 

procedures (mean separation or multiple comparisons) are commonly conducted and are based on 

a test statistic indicating whether a given pairwise treatment mean difference is statistically 
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different from zero (Montgomery 2017). Post-hoc test procedures are based partly on „ , and 

formulas have been presented to recover MSE from these procedures (Acutis et al. 2022; Lipsey 

and Wilson 2001; Ma et al. 2008; Ngugi et al. 2011). Ngugi et al. (2011) proposed a method for 

recovering „  based on the premise that the actual least significant difference (LSD) between two 

means lies somewhere between the largest non-significant difference (lower limit) and the smallest 

significant pairwise difference (upper limit) given by a post-hoc test. These bounds are assumed 

to contain the Fisher LSD bounds because Fisher’s LSD test is the most liberal among the post-

hoc tests. The estimated LSD (ELSD) is then obtained by averaging the upper and lower LSD 

limits. Fisher’s LSD formula is then applied to recover „  using ELSD as the plug-in estimate of 

the LSD. This procedure works only for studies with at least one significant mean separation. The 

accuracy of ELSD decreases when either the number of treatments or the number of non-

significant or significant treatment differences decreases. In estimating „  using ELSD, Ngugi et 

al. (2011) also use a conservative 97.5th percentile point of the standard normal distribution instead 

of percentile point of t-distribution with its associated degrees of freedom, which may result in less 

accurate values of „ . Acutis et al. (2022) recently developed the EX-TRACT tool that is coded 

in the Microsoft Excel environment, to recover the pooled standard deviation from multiple 

comparison tests following ANOVA. EX-TRACT allows users to enter summary statistic metrics 

for a variety of post-hoc methods and experimental designs to recover „ .  

Building on the above concepts and ideas, we present MSE FINDR, a Shiny R application 

for recovering „  from ANOVA-type studies, where the MSE is missing in studies that otherwise 

provide treatment means, significance level, number of replicates and results of post-hoc tests. 

Specifically, MSE FINDR extends on the concepts used by Ngugi et al. (2011) for LSD by applying 

the correct post-hoc test distribution and associated degrees of freedom to recover „ . The MSE 

FINDR application handles some additional experimental designs and post-hoc tests not covered 

in EX-TRACT. The web-based design feature of the Shiny application that may be easier to use 

than an R package, should appeal to a broad range of user audiences interested in estimating „  

from published studies reporting a continuous response in an ANOVA setting.  

 

5.3. Material and Methods 

5.3.1. Software development and workflow. The source code for MSE FINDR, the simulations 

and datasets used in this study are available at https://github.com/vcgarnica/MSE_FindR. MSE 

https://github.com/vcgarnica/MSE_FindR
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FINDR (version 1.0.1) is written in the R programming language version 4.2.2 (R Core Team 

2024). The application supports a variety of one- and two-way experimental designs (Table 5.1), 

which are common in the agricultural, ecological, natural resources, engineering, physical and 

chemical sciences (Montgomery 2001; Scheiner and Gurevitch 2001). The post-hoc mean 

comparison tests supported by the application are Fisher’s LSD, Tukey’s HSD, Bonferroni and 

Šidák correction for multiple comparisons, and the Scheffé test. To help users navigate the tool, 

the Shiny application is organized into three main modules: Documentation, File upload and 

Estimator (see details below). A user-generated CSV input file containing trial-specific 

information is required to use the application. Below we briefly describe how to assemble the input 

CSV file. Detailed guidelines for users are provided in the GitHub tutorial at 

https://github.com/vcgarnica/MSE_FindR. 

5.3.1.1. Documentation. This module contains a walk-through tutorial and downloadable example 

files that are available at https://github.com/vcgarnica/MSE_FindR. Users compile reports with 

the same experimental configuration, i.e., experimental design, post-hoc test, significance level 

and experimental structure (for two-way designs), in a designated folder (Fig. 1). For each folder, 

the user will generate a CSV input file comprising the trial information organized into columns: 

(i) trial identification number, (ii) factor level, (iii) factor level means, (iv) number of replicates or 

blocks (if applicable based on the experimental design), and (v) corresponding post-hoc test letter 

results (Figure 1). By specifying a trial-specific identification number column in the CSV input 

file, many trials with the same configuration can be processed simultaneously.  

MSE FINDR handles various one- and two-way experimental designs. In one-way designs, 

a single column is used to designate the factor (herein referred to as factor A) for which „  is to 

be recovered. In two-way designs, there are two separate columns in the input CSV file to account 

for the two factors (A and B) that are present in the designs. This structure must be maintained 

regardless of whether the factors are listed completely (means and post-hoc test results available 

for both factors, A and B) or partially (means and post-hoc test results are available for either main 

effect A or B, but not both) in the studies. While this seems counterintuitive, the latter scenario is 

common when the ANOVA interaction effect is not statistically significant, and authors opt to 

include individually, means and post-hoc tables for factors A and B (main effects). In this case, 

users must still create an additional column denoting the number of levels for the omitted factor, 

in addition to the present main effect column, for which „  will be recovered. This step is crucial 

https://github.com/vcgarnica/MSE_FindR
https://github.com/vcgarnica/MSE_FindR
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for the tool to accurately calculate the appropriate degrees of freedom for the extraction of „ . 

Incorrect „  values can arise if incomplete or incorrect trial information is included in the CSV 

input file. Familiarity with the example files and tutorial guidelines is necessary to properly collate 

trial information in the CSV input file before using the application. 

5.3.1.2. File upload. In this module, users upload a CSV input file that contains trial-specific 

information organized as per the tutorial’s guidelines as briefly described above. The application 

supports standard CSV formats. The default format uses commas as separators. Default settings 

can also be overridden to align with the format of your CSV data file.  

5.3.1.3. Estimator. Once the CSV input file has been uploaded, this module details the estimation 

and extraction of „ . Users specify the underlying trial configuration (experimental design, post-

hoc test, and significance level) applied to all trials in the designated folder and the CSV input file 

using the design box (Fig. 1). The selection fields in the column assignment box are dynamically 

updated as the experimental designs are changed in the design box after the user clicks on the 

‘estimate’ button. Users must match columns in the CSV input file to the respective selection fields 

in the column assignment box. This is a critical step in the proper recovery of „ . A drop-in 

download button appears after recovering „ , which enables the results to be exported as a CSV 

file. MSE FINDR output includes all previously added trial-specific information along with the 

recovered „ and its respective degrees of freedom.  

The MSE FINDR algorithms compute the largest non-significant and the smallest 

significant difference for all mean pairwise comparisons within the specified post-hoc test. The 

mean of these two values is defined as the ELSD, as described previously by Ngugi et al. (2011). 

However, unlike Ngugi et al. (2011), estimates of „  are subsequently calculated by using ELSD 

as the plug-in for the LSD in the specific post-hoc test (Milliken & Johnson, 2009).  

For Fisher’s LSD, „  is given as:  

 
„ πȢυϽὲϽ

ȟ
,  (5.1) 

where, ὲ is number of replications or blocks per trial, qt is the quantile value from a Student t-

distribution based on the significance level of the post-host test (α) and the error degrees of 

freedom (df). 



   

155 

 

For Tukey’s HSD, the estimate is calculated as:  

 
„ ὲϽ

ȟ ȟ
,  (5.2) 

where qtukey is the quantile value from the q (or studentized range) distribution based on α, number 

of levels of a factor (nlevels , and all other variables are as described above. 

For the Bonferroni correction, the estimate was calculated as:  

 
„ πȢυϽὲϽ

ȟ
,  (5.3) 

in which m is the total number of pairwise comparisons per trial and all other variables are as 

described above. 

For the Šidák correction, the estimate is calculated as: 

 
„ πȢυϽὲϽ Ⱦ ȟ

,  (5.4) 

where all variables are as defined above.  

For Scheffé’s test, the estimate is computed as: 

 „
Ͻ

Ͻ    Ͻ ȟ ȟ
,  (5.5) 

in which qf is quantile value from the F-distribution and all other variables are as defined above. 

Equations 5.1 to 5.5 are for the calculation of „  from ELSD based on one-way designs. 

Appropriate adjustments to these equations for two-way designs in the calculation of „  are 

provided in the R code in the application.  

5.3.2. Software testing using simulated data 

5.3.2.1. Simulated trials. To assess the performance of the MSE FINDR algorithms in recovering 

„ , randomized controlled trial datasets were simulated for each experimental design and 

treatment structure available in the application (Table 5.1). The simulation study was designed to 

generate data where the number of treatments, treatment effect sizes, and the number of replicates 

varied randomly for each simulated trial, mimicking a diverse range of experimental settings. For 
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each simulated experimental design, 10,000 individual trial datasets were generated with treatment 

levels ranging from 4 to 20, depending on the design and treatment structure, and with 3 to 5 

replications (Table 5.1). 

5.3.2.2. Linear models. The response variable y (a continuous outcome) was assumed to be 

independent and normally distributed. We adopt the notation in Oehlert (2000) to describe the 

linear models used in our simulations. One-way experiments arranged in a CRD were simulated 

using the linear model: 

 ώ ‘ ὃ Ὡ ,  (5.6) 

where μ is the overall mean, Ai is the effect of the i th level of factor A, j is the replication within 

the level of A, and eij  is the random error (Gaussian-distributed with a mean of zero and variance 

σ2). The linear model for one-way experiments arranged in a randomized complete block design 

(RCBD) was: 

 ώ ‘ ὃ ‏ Ὡ ,  (5.7) 

where δk represents the kth block effect, eik is the error term and Ai is as described above.  

Data for the two-way factorial design with treatments arranged in a completely randomized 

design (CRD) were simulated using the model: 

 ώ ‘ ὃ ὄ ὃὄ Ὡ ,  (5.8) 

where Bj is the effect due to the j th level of factor B, (AB)ij  is the effect of the interaction between 

the i th level of A and the j th level of B, and eijk is the error term.  

The two-way factorial design with treatments arranged in a RCBD was specified as: 

 ώ ‘ ‏ ὃ ὄ ὃὄ Ὡ ,  (5.9) 

where ‏ is the block effect and Ὡ  is the residual error term. All the other terms are as described 

for equation 5.8.  

The model for a split-plot design with the whole-plot factor (A) arranged in a CRD was: 

 ώ ‘ ὃ • ὄ ὃὄ Ὡ ,  (5.10) 
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where •  is the whole-plot error component and Ὡ  is the split-plot level error. The subscript 

notation k(i) conveys that the whole-plot error is nested within treatment i.  

The linear model for a split-plot design with the whole-plot factor (A) arranged as a RCBD 

was:  

 ώ ‘ ‏ ὃ • ὄ ὃὄ Ὡ ,  (5.11) 

where ‏ is the blocking effect, Ὡ  is the split-plot error, and all other terms are as described 

for equation 5.10.  

For experiments with a basic Latin square design, y was generated using: 

 ώ ‘ ὃ Ὑ ὅ Ὡ ,  (5.12) 

where μ and Ai are as described above, Rm is the effect of the mth row, Cn is the effect of the nth 

column and eimn is the random error term.  

5.3.2.3. Treatment effect size and error specification. Factor effects were fixed within a trial but 

allowed to vary across trials. The overall mean μ was simulated from a Gamma (k, θ) distribution 

with shape parameter k = 60.2 and scale parameter θ = 1, ensuring that μ was strictly positive. The 

effects of treatments, their interactions, block (δk), row (Rm) and column (Cn) were simulated from 

a Gaussian (Normal) distribution: Ai and Bj ~ N(3, 2), ABij ~ N(1, 1.5), and δk, Rm, and Cn ~ N(1, 

0.2). The error terms in equations 5.6, 5.7 and 5.12 were simulated from a N(0, 5) distribution, the 

error terms in equations 5.7 and 5.8 from a N(0, 7) distribution, and the error terms in equations 

5.10 and 5.11 from a N(0, 6) distribution. The effects •  and •  were simulated from a N(0, 

3) distribution.  

5.3.3. Data analysis. From the 10,000 datasets simulated for each experimental design, we 

randomly sampled 1,000 trials that yielded statistically significant (P ≤ 0.05) ANOVA results for 

the factors of interest (A, B, or both) and extracted their respective „values (i.e., actual „). For 

each of these trials, treatment means were estimated via least squares and post-hoc mean 

comparisons were performed at α = 0.05, using the R packages emmeans version 1.9.0 (Lenth et 

al. 2023), agricolae version 1.3-7 (de Mendiburu 2023), and multcomp version 1.4-25 (Hothorn 
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2023). The post-hoc mean separation tests evaluated were Fisher’s LSD, Tukey honest significant 

difference (Tukey HSD), the Šidák and Bonferroni corrections, and the Scheffé test.  

Information on trial design and treatment means and associated post-hoc test results were 

then submitted to the MSE FINDR application to recover „  (i.e., MSE FINDR „). Incomplete 

data reporting is of particular concern (Gurevitch and Hedges 1999) and thus we also examined 

scenarios where summary statistics and post-hoc test results are reported for one factor only in 

two-way factorial and split-plot designs (no reported results having been presented on the second 

factor). The goal in these cases is to recover „  for the factor that was reported (Table 5.1).  

Lin’s concordance analysis (Lin 1989), implemented using the R package DescTools 

version 0.99.50 (Signorell et al. 2023), was used to assess the agreement between MSE FINDR „  

and the actual „ . Lin’s concordance correlation coefficient (ρc) measures the variation of data 

from the line of concordance (a slope of one and zero intercept). The concordance coefficient is 

the product of Pearson’s correlation coefficient (r), which is a measure of the precision (or 

variability) with which the MSE FINDR „  values estimate the actual „ , and a coefficient of bias 

(Cb), which is a measure of the closeness of the best-fitting line to the concordance line. Values of 

ρc range from −1 to +1, with ρc values near +1 indicating strong concordance, while those near −1 

indicate strong discordance. Values of Cb range from 0 to +1, with Cb near +1 indicating a 

closeness of the best-fitting line to the concordance line (i.e., low bias).  

 

5.4. Results 

5.4.1. Concordance of „  estimates. The extent of agreement (ρc) between „  recovered by MSE 

FINDR and the actual „  depended on the experimental design, treatment structure and the post-

hoc test used to compare treatment means.  

For one-way designs (Latin square, CRD and RCBD), values of ρc were high (> 0.89) 

across the post-hoc mean separation tests with values of 0.92, 0.92 and 0.94 for Designs 1, 2 and 

3, respectively (Table 5.2). Similarly, values of ρc were high (> 0.82) for two-way designs when 

summary statistics were present for both factors A and B (Designs 4a, 5a, 6c and 7c) (Table 5.2). 

In this case, the mean of ρc across post-hoc mean separation tests for the two-way factorial CRD 

(Design 4a) and RCBD (Design 5a) were 0.94 and 0.96, respectively, while the mean of ρc for the 

two-way split-plot CRD (Design 6c) and RCBD (Design 7c) was 0.88. Across all one- and two-

way designs (when both factors are present), ρc were high and relatively similar for all post-hoc 
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mean separation tests (values 0.92 to 0.94) except for the Scheffé test where ρc was 0.88 (Table 

5.2). 

The impact of the absence of summary statistics on ρc for one factor in the two-way designs 

was dependent on the experimental structure. For the two-way factorial designs of CRD and 

RCBD, absence of summary statistics of one factor resulted in a 30 to 59% decrease in ρc with a 

reduction of 45% across post-hoc tests. For the two-way split-plot designs of CRD and RCBD, the 

impact of the absence of summary statistics on ρc depended on whether the missing statistics were 

of the main- or sub-plot factor. The mean value of ρc across post-hoc tests was reduced by 40 to 

43% when data of the main-plot factor were missing, while there was no reduction in ρc when data 

for the sub-plot factor were missing. Values ρc for the latter were similar to those where summary 

statistics of both factors were present. Across the two-way designs where summary statistics of 

one factor (factorial design) or the main-plot factor (in split-plot design) were missing, ρc was 

relatively lower for Fisher’s LSD (ρc = 0.42) than for the more conservative post-hoc mean 

separation tests (ρc = 0.54). Similarly, ρc was relatively lower across experimental designs and 

treatment structures, for Fisher’s LSD (ρc = 0.76) than for more conserved post-hoc mean 

separation tests examined (ρc = 0.78 to 0.81) (Table 5.2).  

5.4.2. Bias and precision of „  estimates. Bias was generally low (Cb values ranging from 0.97 

to 1.0; Figs. 5.2, 5.3 and 5.4) across all post-hoc mean separation tests and design structures. The 

main exception was for the Fisher’s LSD test and for design structures where summary statistics 

(especially the main-plot factor in the split-plot design) were missing, for which bias was relatively 

high with Cb values ranging from 0.77 to 0.85 (Figs. 5.3 and 5.4).  

In contrast to bias, the precision (r) of MSE FINDR estimates of „  was strongly influenced 

by the absence of reported summary statistics (i.e., means and post-hoc test results). For example, 

estimates of „  were precise (r ranging from 0.90 to 0.96; Table 5.1) with one-way designs when 

summary statistics were available, regardless of the post-hoc mean separation test; and similarly 

for the two-way factorial design when summary statistics for both factors were present (r ranging 

from 0.92 to 0.99), except when Scheffé’s test was used (r = 0.84; Design 4a) (Table 5.1). 

However, missing summary statistics for one factor (e.g., B) in the two-way factorial design 

resulted in a much lower precision of „  estimates for the other factor (A), with r values ranging 

from 0.54 to 0.64 across post-hoc tests. Likewise, the precision of „  estimates for the split-plot 
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design was high when summary statistics were available for both factors (r values from 0.88 to 

0.95), but considerably lower when summary statistics for either the sub-plot factor (0.53 ≥ r ≥ 

0.91) or the main-plot factor (0.53 ≥ r ≥ 0.67) were missing (Table 5.1).  

 

5.5. Discussion 

Meta-analysis combines information from multiple studies to draw generalized inferences 

from a body of research. However, incomplete reporting of variances in the primary reports can 

lead to biased estimates of the effect size if such reports are excluded because of the missing 

variances data (Weir et al. 2018). Thus, there has been an interest in developing techniques that 

still allow meta-analysis to include studies where the basic summary statistics are lacking. In this 

study, we present and test MSE FINDR, a user-friendly web-based interface that enables the 

recovery of „  from reports that have not included the within-study variance but do contain the 

treatment means, post-hoc test results and a description of the experimental protocol (statistical 

design, number of replications). The ability of MSE FINDR to recover „  was analyzed using 

simulated data representing a variety of experimental designs and treatment structures commonly 

found across a range of scientific fields (Montgomery 2001; Scheiner and Gurevitch 2001). Actual 

values of „  from simulated trials were compared to estimates of „  recovered by MSE FINDR 

given an experiment’s summarized results (treatment means and post-hoc test results, but no 

measure of variance). Our results indicated that MSE FINDR is accurate in estimating „ , but the 

accuracy does depend on the experimental design and treatment structure of the trial.  

Simulations suggested that MSE FINDR performs well with both one-way (Latin square, 

CRD and RCBD) and two-way (factorial and split-plot) designs when means and post-hoc test 

results are available for all factors involved, irrespective of the post-hoc test used. The accuracy 

of MSE FINDR is reduced for two-way split plot designs when the whole-plot factor summaries 

are missing (no means or post hoc test results given) with the goal recovering „  for the sub-plot 

factor. Our simulations also indicate that for two-way factorial designs, the absence of information 

on one factor reduces the accuracy of MSE FINDR in recovering „  for the second factor. In the 

latter case, users should evaluate whether to use the recovered „  in their quantitative synthesis 

and how this could impact the interpretation of the results of their meta-analysis.  

Recently, Acutis et al. (2022) developed EX-TRACT, a Microsoft Excel-based tool that 

recovers „  for a variety of experimental designs and post-hoc methods, some of which overlap 
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with those implemented in MSE FINDR. The MSE FINDR application includes three aspects that 

are not covered by EX-TRACT. Firstly, MSE FINDR implements the recovery of „  for the one-

way Latin square design, which is not included in EX-TRACT. Secondly, MSE FINDR recovers 

„  for studies where Bonferroni and Šidák corrections and Scheffé test are the post-hoc tests and 

these multiple comparison tests are not implemented in EX-TRACT. Thirdly, MSE FINDR 

distinguishes between two-way split-plot designs in which the main plot is in a CRD or in a RCBD, 

whereas EX-TRACT handles main plots arranged in a RCBD only. However, EX-TRACT allows 

for 3-way designs and some multiple comparisons tests not implemented in MSE FINDR. Finally, 

several trials with the same configurations can also be processed simultaneously by MSE FINDR 

compared to EX-TRACT. The implementation of MSE FINDR and its Shiny-based web interface 

within the R environment permits new algorithms to be easily integrated into the application. By 

providing this Shiny application in R, a smoother integration in the programming environments is 

enabled within which researchers can manipulate datasets and perform other analyses while taking 

advantage of the rich universe of existing R packages and graphics capabilities (Title et al. 2022). 

EX-TRACT was validated by comparing its output to a known standard deviation value generated 

from simulated experiments (Acutis et al. 2022). The accuracy of MSE FINDR was determined 

using Lin’s concordance analysis (Lin 1989) over repeatedly simulated data. We compared the 

performance of MSE FINDR with that of EX-TRACT using a subset of our simulated data. 

Estimates of MSE FINDR „  were very similar to the mean values of „ extracted using EX-

TRACT for comparable experimental designs and post-host test results (Supplementary Tables 

5.S1–5.S3).  

In summary, MSE FINDR is an additional tool that users can use to estimate „  from 

reports that lack information on within-study variance but provide means, post-hoc test results and 

other basic experimental design information. This should allow users to easily estimate „  from a 

variety of studies with pertinent information to calculate the required effect size for inclusion in 

meta-analyses of estimates of effect size and variances based on a continuous response in an 

ANOVA setting. Complementary tools that compute a range of effect sizes (Lipsey and Wilson 

(2001) have been implemented in a web-based Practical Meta-Analysis Effect Size Calculator 

(https://www.campbellcollaboration.org/escalc/html/EffectSizeCalculator-Home.php). These 

web-based meta-analytical tools, in combination with MSE FINDR should expand the array of 

studies and reports for inclusion in quantitative research synthesis that would have otherwise been 

https://www.campbellcollaboration.org/escalc/html/EffectSizeCalculator-Home.php
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omitted due to the lack of information on within-study variability or related metrics. In its current 

version, MSE FINDR is not designed to recover „  of the main-plot factor in split-plot designs if 

only summary statistics of the sub-plot factor have been reported. Thus, subsequent improvements 

are needed when the interaction is significant, and one is interested in recovering „  for both 

factors. Additional experimental designs (e.g., split-split-plot and three-way factorial designs) 

should be implemented in future versions of MSE FINDR and the tool should also expand on the 

estimation method to return not only „  but the upper and lower bounds of the estimate. This study 

highlights the need for published reports to provide, at a minimum, some basic summary statistics 

(means and variance) where raw datasets are not available to readers, to facilitate quantitative 

syntheses of results for broad generalization a across a body of research.  
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Table 5.1. Experimental designs and treatment structures used in a simulation study to assess the accuracy of mean square error estimates 

generated by the MSE FINDR application. 

 

Design 

Description and 

treatment structurea 

Number 

of factors 

Factors and 

treatments levelsb 

Factor 

omittedc 

Source 

of 

variationd 

Post-hoc mean comparison 

information reported in studye 

1 Latin square 1 A (4 to 8) - A Between a single effect 

2 
Complete randomized 

design (CRD) 
1 A (4 to 20) - A Between a single effect 

3 
Randomized complete block 

design (RCBD) 
1 A (4 to 20) - A Between a single effect 

4a Two-way factorial CRD 2 A (4 to 7), B (4 to 7) - A × B Between interaction effect 

4b Two-way factorial CRD 2 A (4 to 7), B (4 to 7) B A Between one main effect 

5a Two-way factorial RCBD 2 A (4 to 7), B (4 to 7) - A × B Between interaction effect 

5b Two-way factorial RCBD 2 A (4 to 7), B (4 to 7) B A Between one main effect 

6a Split-plot CRD 2 A (4 to 7), B (4 to 7) A B Between one sub-plot effect 

6b Split-plot CRD 2 A (4 to 7), B (4 to 7) B A Between one main-plot effect 

6c Split-plot CRD 2 A (4 to 7), B (4 to 7) - B within A 
Between interaction effect of 

sub-plot within main-plot 

7a Split-plot RCBD 2 A (4 to 7), B (4 to 7) A B Between one sub-plot effect 

7b Split-plot RCBD 2 A (4 to 7), B (4 to 7) B A Between one main-plot effect 

7c Split-plot RCBD 2 A (4 to 7), B (4 to 7) - B within A 
Between interaction effect of 

sub-plot within main-plot 
a Experimental design and treatment structure are based on linear models as described in the simulation study.  
b Values in parenthesis are the number of levels for each factor in the experimental design considered in the simulation. 
c Refers to cases where summary statistics (mean, variance and post-hoc test results) for one factor are missing (i.e., omitted factor) and 

not available in a report and the goal is to recover the „for the second factor in a two-way design. 
d Source of variation refers to the factor for which treatment means and post-hoc test results are available in the report and for which „  

is to be recovered. 
e In two-way factorial designs, A and B are interchangeable. For the split-plot design, factor A is the main-plot, while factor B is the sub-

plot. Factors A and B are not interchangeable for the split-plot design due to its hierarchical structure. 
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Table 5.2. Lin’s concordance correlation coefficient (ρc) and correlation coefficient (r) for the agreement between actual „obtained 

from analysis of variance of simulated trials and „recovered by MSE FINDR. 

 Concordance correlation coefficient (ρc)  Correlation coefficient (r)  Meanc 

 

Designa 

Fisher’s 

LSDb 

Tukey 

HSDb 

 

Šidák 

 

Bonferroni 

 

Scheffé 

 Fisher’s 

LSDb 

Tukey 

HSDb 

 

Šidák 

 

Bonferroni 

 

Scheffé 

  

ρc 

 

r 

1 0.89 0.92 0.93 0.93 0.92  0.89 0.92 0.92 0.92 0.92  0.92 0.91 

2 0.93 0.93 0.92 0.92 0.90  0.93 0.93 0.92 0.92 0.90  0.92 0.92 

3 0.93 0.94 0.94 0.94 0.93  0.93 0.94 0.94 0.94 0.94  0.94 0.94 

4a 0.99 0.97 0.96 0.96 0.82  0.99 0.97 0.96 0.96 0.84  0.94 0.94 

4b 0.41 0.53 0.55 0.55 0.57  0.50 0.58 0.59 0.60 0.64  0.52 0.58 

5a 0.99 0.97 0.96 0.96 0.91  0.99 0.97 0.96 0.96 0.92  0.96 0.96 

5b 0.45 0.54 0.54 0.54 0.52  0.46 0.62 0.59 0.59 0.59  0.52 0.57 

6a 0.39 0.59 0.56 0.56 0.56  0.53 0.66 0.67 0.67 0.65  0.53 0.64 

6b 0.87 0.89 0.90 0.90 0.88  0.88 0.90 0.89 0.90 0.91  0.89 0.90 

6c 0.95 0.89 0.88 0.87 0.83  0.95 0.90 0.90 0.90 0.87  0.88 0.90 

7a 0.44 0.52 0.52 0.52 0.52  0.54 0.58 0.57 0.58 0.56  0.50 0.57 

7b 0.81 0.89 0.89 0.88 0.89  0.82 0.90 0.89 0.89 0.89  0.87 0.88 

7c 0.93 0.89 0.88 0.88 0.84  0.94 0.90 0.89 0.89 0.86  0.88 0.90 

Meand 0.76 0.81 0.80 0.80 0.78  0.79 0.83 0.82 0.82 0.80  0.79 0.82 
a Design description is as in Table 5.1.  
b LSD is the Least Significant Difference, while HSD is the ‘Honest Significant Difference’.  
c Values are means of ρc and r summarized by experimental design across post-hoc mean separation tests. 
d Means of ρc and r summarized by post-hoc mean separation test across experimental designs. 
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Figure 5.1. Conceptual flow chart to illustrate the use of MSE FINDR highlighting the important 

steps of information input and the recovery of „  based on a CSV file containing multiple trials 

arranged in randomized complete block design and means separated using Fisher’s LSD test with 

α set to 0.05. 
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Figure 5.2. Relationship between MSE FINDR recovered „  and actual „  in simulated data from 

one-way experimental designs: Latin square, completely randomized design (CRD) and 

randomized completed block design (RCBD). Actual „  values were obtained from an ANOVA 

of simulated data, while MSE FINDR „  values were extracted using treatment means, post-hoc 

test results stemming from the ANOVA, and other basic trial information. The open circles are the 

„estimates, the dashed line represents the concordance line, indicating perfect alignment between 

actual and estimated „ , whereas the blue line represents the best-fitting linear regression line to 

the data. The bias correlation factor, Cb, is a measure of the closeness of the best fitting line to the 

concordance line.  
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Figure 5.3. Relationship between MSE FINDR „  and actual „  for simulated data from two-way 

experimental designs: Completely randomized design (CRD) and randomized completed block 

design (RCBD). For both CRD and RCBD designs, two variations of the treatment structure are 

considered: (i) two factors, A and B, and their interaction (A × B) are assessed and (ii) one factor 

(herein, B, and hence the interaction) is omitted and the goal is to recover „ . Actual „  values 

were obtained from an ANOVA of simulated data, while MSE FINDR „  values were generated 

using the treatment means and post-hoc test results stemming from the ANOVA, and other basic 

trial information. The open circles are the „  estimates, the dashed line represents the concordance 

line, indicating perfect alignment between actual and estimated „ , whereas the blue line 

represents the best-fitting linear regression line to the data. The bias correlation factor, Cb, is a 

measure of the closeness of the best fitting line to the concordance line.  
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Figure 5.4. Relationship between MSE FINDR „  and actual „  for simulated data from split-plot 

designs with treatments arranged in a completely randomized design (CRD) and randomized 

completed block design (RCBD). For both CRD and RCBD designs, three variations of treatment 

structures are considered: (i) one factor (A) is omitted and B is present and the goal is to recover 

„ of B, (ii) one factor (B) is omitted and A is present and the goal is to recover the „  of A, and 

(iii) both factors are present (i.e., B within A), wherein factor A is the main-plot and B is the sub-

plot and the goal is to recover „  for A. Actual „  values were obtained based on an ANOVA of 

simulated data, while MSE FINDR „  values were generated using treatment means and post-hoc 

test results stemming from the ANOVA, and other basic trial information. The open circles are the 

„  estimates, the dashed line represents the concordance line, indicating perfect alignment between 

actual and estimated „ , whereas the blue line represents the best-fitting linear regression line to 

the data. The bias correlation factor, Cb, is a measure of the closeness of the best fitting line to the 

concordance line.  
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Table 5.S1. Estimates of sigma hat squared from MSE FINDR and EX-TRACT tool (Acutis et al. 

2022) for one-way RCBD. 

Trial_id A n.blocks Y Fisher 
Actual 

MSE 

MSE 

FINDR 

EX-

TRACT_min 

EX-

TRACT_max 

EX-

TRACT_average 

1 A10 4 55.9 a 37.8 33.9 30 38.1 34.1 

1 A6 4 56.2 a 37.8 33.9 30 38.1 34.1 

1 A13 4 58.8 ab 37.8 33.9 30 38.1 34.1 

1 A8 4 60 abc 37.8 33.9 30 38.1 34.1 

1 A12 4 60.3 abc 37.8 33.9 30 38.1 34.1 

1 A11 4 62.3 abcd 37.8 33.9 30 38.1 34.1 

1 A7 4 63.8 abcd 37.8 33.9 30 38.1 34.1 

1 A2 4 66.3 bcd 37.8 33.9 30 38.1 34.1 

1 A1 4 66.3 bcd 37.8 33.9 30 38.1 34.1 

1 A4 4 67.7 cd 37.8 33.9 30 38.1 34.1 

1 A3 4 67.7 cd 37.8 33.9 30 38.1 34.1 

1 A5 4 69.1 d 37.8 33.9 30 38.1 34.1 

1 A9 4 69.6 d 37.8 33.9 30 38.1 34.1 

2 A9 4 47.7 a 43.3 43.3 41.4 44.3 42.9 

2 A5 4 52.3 ab 43.3 43.3 41.4 44.3 42.9 

2 A7 4 52.7 abc 43.3 43.3 41.4 44.3 42.9 

2 A11 4 55.1 abcd 43.3 43.3 41.4 44.3 42.9 

2 A4 4 58.6 bcd 43.3 43.3 41.4 44.3 42.9 

2 A8 4 59.9 bcd 43.3 43.3 41.4 44.3 42.9 

2 A2 4 60 bcd 43.3 43.3 41.4 44.3 42.9 

2 A1 4 60.8 bcd 43.3 43.3 41.4 44.3 42.9 

2 A6 4 62 cd 43.3 43.3 41.4 44.3 42.9 

2 A10 4 63 d 43.3 43.3 41.4 44.3 42.9 

2 A3 4 63.9 d 43.3 43.3 41.4 44.3 42.9 

3 A1 5 63.2 a 27 27.1 23.7 32.1 27.9 

3 A5 5 66.9 ab 27 27.1 23.7 32.1 27.9 

3 A3 5 67.3 ab 27 27.1 23.7 32.1 27.9 

3 A6 5 68.4 ab 27 27.1 23.7 32.1 27.9 

3 A4 5 72.6 bc 27 27.1 23.7 32.1 27.9 

3 A2 5 73.2 bc 27 27.1 23.7 32.1 27.9 

3 A7 5 75.7 c 27 27.1 23.7 32.1 27.9 

4 A2 4 55 a 40.5 40.2 39.8 41.3 40.6 

4 A8 4 62.3 ab 40.5 40.2 39.8 41.3 40.6 

4 A10 4 63.6 ab 40.5 40.2 39.8 41.3 40.6 

4 A9 4 64.3 bc 40.5 40.2 39.8 41.3 40.6 

4 A1 4 66.3 bc 40.5 40.2 39.8 41.3 40.6 

4 A6 4 66.5 bc 40.5 40.2 39.8 41.3 40.6 

4 A4 4 68.3 bc 40.5 40.2 39.8 41.3 40.6 

4 A3 4 68.9 bc 40.5 40.2 39.8 41.3 40.6 

4 A7 4 69.4 bc 40.5 40.2 39.8 41.3 40.6 

4 A5 4 73.4 c 40.5 40.2 39.8 41.3 40.6 

Comparisons are based on a subset of simulated data generated in this study; Actual MSE was 

determined by ANOVA; MSE FINDR estimate was recovered as described in the main text, while 

the EX-TRACT estimate was recovered using the EX-TRACT tool (Acutis et al. 2022); Y is the 

response and Fisher represents mean separation letters based on Fisher's LSD. 
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Table 5.S2. Estimates of sigma hat squared from MSE FINDR and EX-TRACT tool (Acutis et al. 

2022) for two-way factorial RCBD. 

Trial_id A n.blocks n.trt_B Y Fisher 
Actual 

MSE 

MSE 

FINDR 

EX-

TRACT_min 

EX-

TRACT_max 

EX-

TRACT_average 

1 A4 4 5 62.7 a 76.3 76.6 73.8 79.4 76.6 

1 A5 4 5 62.9 ab 76.3 76.6 73.8 79.4 76.6 

1 A3 4 5 63.3 ab 76.3 76.6 73.8 79.4 76.6 

1 A1 4 5 66.4 abc 76.3 76.6 73.8 79.4 76.6 

1 A6 4 5 68.3 bc 76.3 76.6 73.8 79.4 76.6 

1 A2 4 5 71.8 c 76.3 76.6 73.8 79.4 76.6 

2 A4 5 6 62.3 a 69.8 65.5 49.3 84.1 66.7 

2 A2 5 6 64.6 a 69.8 65.5 49.3 84.1 66.7 

2 A3 5 6 65.7 ab 69.8 65.5 49.3 84.1 66.7 

2 A1 5 6 69.3 b 69.8 65.5 49.3 84.1 66.7 

3 A5 3 6 52.9 a 69.1 65.1 56.9 73.9 65.4 

3 A4 3 6 57.6 ab 69.1 65.1 56.9 73.9 65.4 

3 A2 3 6 59.6 bc 69.1 65.1 56.9 73.9 65.4 

3 A6 3 6 60.1 bc 69.1 65.1 56.9 73.9 65.4 

3 A3 3 6 62.1 bcd 69.1 65.1 56.9 73.9 65.4 

3 A7 3 6 63.3 cd 69.1 65.1 56.9 73.9 65.4 

3 A1 3 6 67.1 d 69.1 65.1 56.9 73.9 65.4 

4 A7 5 6 71.9 a 68.4 57.0 47.1 67.9 57.5 

4 A4 5 6 73.3 ab 68.4 57.0 47.1 67.9 57.5 

4 A1 5 6 73.9 ab 68.4 57.0 47.1 67.9 57.5 

4 A2 5 6 76.7 bc 68.4 57.0 47.1 67.9 57.5 

4 A5 5 6 76.8 bc 68.4 57.0 47.1 67.9 57.5 

4 A3 5 6 78.1 c 68.4 57.0 47.1 67.9 57.5 

4 A6 5 6 80.2 c 68.4 57.0 47.1 67.9 57.5 

Comparisons are based on a subset of simulated data generated in this study; Actual MSE was 

determined by ANOVA; MSE FINDR estimate was recovered as described in the main text, 

while the EX-TRACT estimate was recovered using the EX-TRACT tool (Acutis et al. 2022); Y 

is the response and Fisher represents mean separation letters based on Fisher's LSD. 
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Table 5.S3. Estimates of sigma hat squared from MSE FINDR and EX-TRACT tool (Acutis et al. 

2022) for two-way split-plot RCBD. 

Trial_id B n.blocks n.trt_A Y Fisher 
Actual 

MSE 

MSE 

FINDR 

EX-

TRACT_min 

EX-

TRACT_max 

EX-

TRACT_average 

1 B2 5 6 61 a 40.6 37.8 25.7 52.1 38.9 

1 B5 5 6 61.3 a 40.6 37.8 25.7 52.1 38.9 

1 B3 5 6 65 b 40.6 37.8 25.7 52.1 38.9 

1 B4 5 6 66.5 b 40.6 37.8 25.7 52.1 38.9 

1 B1 5 6 67.6 b 40.6 37.8 25.7 52.1 38.9 

2 B6 4 7 67.6 a 29.8 28 18.9 38.9 28.9 

2 B3 4 7 68.3 a 29.8 28 18.9 38.9 28.9 

2 B4 4 7 69.5 ab 29.8 28 18.9 38.9 28.9 

2 B7 4 7 69.6 ab 29.8 28 18.9 38.9 28.9 

2 B5 4 7 71.8 bc 29.8 28 18.9 38.9 28.9 

2 B2 4 7 72.9 c 29.8 28 18.9 38.9 28.9 

2 B1 4 7 73.4 c 29.8 28 18.9 38.9 28.9 

3 B1 3 7 72.2 a 38.5 37.1 25.4 51.1 38.3 

3 B4 3 7 72.3 a 38.5 37.1 25.4 51.1 38.3 

3 B6 3 7 75.3 ab 38.5 37.1 25.4 51.1 38.3 

3 B3 3 7 75.3 ab 38.5 37.1 25.4 51.1 38.3 

3 B2 3 7 78.4 bc 38.5 37.1 25.4 51.1 38.3 

3 B5 3 7 79.7 c 38.5 37.1 25.4 51.1 38.3 

4 B2 5 4 57.5 a 38.2 23.6 9.7 30.6 20.2 

4 B6 5 4 58.3 a 38.2 23.6 9.7 30.6 20.2 

4 B7 5 4 59 a 38.2 23.6 9.7 30.6 20.2 

4 B1 5 4 59.3 a 38.2 23.6 9.7 30.6 20.2 

4 B5 5 4 59.7 a 38.2 23.6 9.7 30.6 20.2 

4 B4 5 4 63.6 b 38.2 23.6 9.7 30.6 20.2 

4 B3 5 4 63.9 b 38.2 23.6 9.7 30.6 20.2 

5 B5 4 6 66.8 a 35 30.3 23.9 37.4 30.7 

5 B6 4 6 68.6 ab 35 30.3 23.9 37.4 30.7 

5 B7 4 6 68.7 ab 35 30.3 23.9 37.4 30.7 

5 B2 4 6 69.4 abc 35 30.3 23.9 37.4 30.7 

5 B1 4 6 71.4 bc 35 30.3 23.9 37.4 30.7 

5 B3 4 6 72.2 cd 35 30.3 23.9 37.4 30.7 

5 B4 4 6 75 d 35 30.3 23.9 37.4 30.7 

Comparisons are based on a subset of simulated data generated in this study; Actual MSE was 

determined by ANOVA; MSE FINDR estimate was recovered as described in the main text, 

while the EX-TRACT estimate was recovered using the EX-TRACT tool (Acutis et al. 2022); Y 

is the response and Fisher represents mean separation letters based on Fisher's LSD. 
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CHAPTER 6 

Conclusions 
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Stagonospora nodorum blotch (SNB) is a disease of wheat that causes significant yield and 

quality losses, particularly in areas with high and intermittent rainfall, such as the Southeastern 

U.S. The sporadic nature of SNB epidemics, influenced by complex interactions between host 

resistance, environmental conditions, and pathogen dynamics, presents an opportunity for using 

decision support systems (DSSs) to improve fungicide use. The broad breadth of studies discussed 

in this dissertation provided novel insights about the epidemiology of SNB to facilitate the 

development of a DSS. Firstly, results show that non-crossover GEI effects primarily influence 

SNB metrics, indicating that commercial wheat cultivars display some level of resilience to 

varying environmental conditions. This finding supports using varietal reaction class as a proxy 

for host susceptibility in disease modeling, even if it is not statistically significant in model 

development. Additionally, high-performing and stable cultivars, such as ‘USG 3230’, should be 

prioritized for SNB management strategies focused on cultivar resistance in the region. Large non-

crossover GEI effects were detected under very specific environmental conditions, pointing to 

areas for future model refinement. Secondly, detailed weather variables linked to disease outbreaks 

were identified using window-pane analysis augmented by stability selection. This comprehensive 

approach leveraged data from all cultivars in variety performance trials, not just susceptible ones, 

to better understand weather effects affecting disease epidemics across all genotypes. Thirdly, 

multiple factors influencing SNB epidemics were quantified using a probabilistic framework. The 

model was designed to predict SNB severity at the field level, helping to guide fungicide 

application decisions in wheat-producing regions. While promising, models must be further 

validated. Finally, advancing scientific knowledge requires synthesizing findings from diverse 

sources and extracting insights from a broad range of studies. To support this, MSE FINDR was 

developed as a tool to retrieve missing variability metrics from trial reports. MSE FINDR enables 

a more robust quantitative synthesis by including credible studies that would otherwise be 

excluded due to missing variability metrics. In summary, the broad breadth of studies discussed 

here provided crucial insights into SNB epidemiology in winter wheat, supporting more 

sustainable disease management through DSS-guided fungicide applications for Southeastern U.S. 

wheat farmers. These findings also offer valuable perspectives for advancing plant disease 

prediction. 

 


