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Abstract 

Fungal pathogens pose a constant threat to Canadian cereal production by reducing yield and 

grain quality. Many of these pathogens disperse via air currents, enabling rapid, long-distance 

spread.  Moving beyond reactive disease management, this study employs a biovigilance 

framework to characterize and predict pathogen dynamics. We tested three primary hypotheses: 

that airborne pathogen distribution is driven by host-crop availability (spatial hypothesis), 

regulated by specific meteorological conditions (temporal hypothesis), and that species-level 

resolution reveals ecological patterns obscured at the genus level (taxonomic resolution 

hypothesis). Seven air samplers were deployed across seven provinces from 2020 to 2023, 

collecting 437 samples.  Using ITS2 metabarcoding and the AODP bioinformatic pipeline, we 

generated 14.4 million high-quality reads.  We identified 43 ASVs representing 15 species of 

cereal-associated pathogens.  Supporting the spatial hypothesis, the wheat specialist 

Parastagonospora nodorum and various Ustilago species exhibited distributions strictly coupled 

with the prevalence of their respective host crops. In support of the temporal hypothesis, 

Fusarium, Blumeria graminis, and Puccinia species displayed climate-responsive dynamics, 

with abundance modulated by humidity and wind speed. Furthermore, consistent with our 

taxonomic resolution hypothesis, resolving pathogens to the species level allowed us to 

distinguish host-specific dispersal patterns within complex genera like Ustilago. This study 

demonstrates that integrating high-resolution airborne metabarcoding with landscape and 

climatic data provides a scalable framework for predictive disease surveillance and targeted 

intervention in complex agroecosystems. The pronounced seasonal peaks of Blumeria graminis 

associated with relative humidity and host presence within a 5 km radius further validate the 

temporal hypothesis, linking environmental suitability with host availability. This study 
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demonstrates that integrating high-resolution airborne metabarcoding with landscape and 

climatic data can pinpoint high-risk periods and locations, offering a scalable framework for 

predictive disease surveillance and targeted intervention in complex agroecosystems. 

Keywords: Plant pathogens; DNA metabarcoding; cereal crops; biovigilance; host preference; 

climatic drivers 
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Résumé 

Les champignons pathogènes constituent une menace constante pour les cultures canadiennes, 

car ils réduisent les rendements et la qualité des récoltes et mettent en danger la santé des 

consommateurs. Plusieurs d'entre eux sont disséminés par les courants d'air, ce qui leur permet 

d'infecter de vastes zones et de se propager rapidement sur de longues distances. Plutôt de faire 

contre ces ravageurs quand une épidémie se déclare, la biovigilance vise à prévoir et à prévenir 

la propagation de ces agents pathogènes. Sept échantillonneurs d'air ont été déployés dans sept 

provinces durant la saison de croissance 2020-2023, permettant le prélèvement de 437 

échantillons. Grâce au métabarcoding de la région ITS2, plus de 14,4 millions de séquences de 

haute qualité ont été obtenues, couvrant 4 650 ASV et 976 genres. Dix genres pathogènes 

d'intérêt ont été sélectionnés, 43 ASV ont été identifiés comme pathogènes associés aux céréales, 

appartenant à 7 genres et 15 espèces. Parastagonospora nodorum, un spécialiste du blé, a 

présenté des pics marqués au début de l'été dans les régions de prairies, au moment de la 

floraison du blé. En revanche, chaque espèce d'Ustilago a affiché des schémas spatiaux 

spécifiques à l'espèce, correspondant à sa céréale hôte respective. Le Fusarium a présenté une 

grosse distribution (sensible aux variations climatiques), sur différents sites et au fil des ans, 

reflétant de sa polyvalence écologique. Les facteurs atmosphériques, notamment l'humidité et le 

vent, ont modulé la dynamique de dispersion, contribuant aux pics de fin de saison des espèces 

de Blumeria graminis et de Puccinia, selon le site et l'année. Cette étude démontre que 

l'intégration du métabarcoding à haute résolution avec des données paysagères et climatiques 

permet de repérer les périodes et les lieux à haut risque, offrant ainsi un cadre évolutif pour la 

surveillance prédictive des maladies et l'intervention ciblée dans les agroécosystèmes complexes. 
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1. Introduction 

1.1 Cereal Crops 

 Cereal crops are an important part of the global food supply, serving as a major source of 

carbohydrates, fibers, and proteins for both humans and livestock. In Canada, wheat (Triticum 

aestivum L., T. durum L.), barley (Hordeum vulgare L.), oat (Avena sativa L.), and corn (Zea 

mays L.) occupy over 40% of all arable cultivated land and produce more than 47 million tons of 

feed annually (Stat Canada, 2024). The Prairie provinces, Ontario, and Quebec are the primary 

regions for producing these cereals, benefiting from their fertile soils and cool growing seasons. 

Despite continuous improvements in pest-resistant crop strains and agronomic practices, fungal 

diseases continue to cause damages to cereal crop yield, grain quality, and long-term 

sustainability. Since the turn of the century, fungal pathogens have emerged as the primary 

microbial threat to agriculture, driving an estimated 11.2% to 12.8% baseline reduction in annual 

cereal yields, and can escalate up to 50% during severe epidemics (Moore, 2020; Różewicz et 

al., 2021; Savary et al., 2017).  

 Agricultural systems face increasing challenges to effective crop protection. Climate 

change is reducing host crop fitness and altering pest dynamics, dispersal patterns, and 

interactions with natural enemies through shifts in temperature, moisture, and extreme weather 

events (Elad & Pertot, 2014; Gautam et al., 2013; Loo, 2009). Global movement of plant 

materials continues to introduce novel and invasive pests, while certain conventional practices, 

such as intensive fertilizer use, soil degradation, and repeated pesticide applications, create 

favourable environments for pathogen proliferation and accelerate the evolution of 

pesticide-resistant strains. At the same time, consumer demand for reduced-pesticide or 
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pesticide-free food products is rising (Sawyer et al., 2008). Even with large-scale production 

systems, resistant cultivars, and moderate chemical inputs, fungal pathogens continue to pose 

significant threats to the productivity and resilience of Canadian field crops. Recent reviews of 

Prairie phytopathogens highlight the persistent and emerging challenges affecting cereals, 

oilseeds, and pulse crops across the region (McCallum et al., 2021). As a major exporter of 

agricultural commodities, Canada requires robust pathogen surveillance systems capable of 

assessing pest biology, distribution, economic impact, and mitigation options. 

1.2. Cereal Pathogens & Dispersal 

 Cereal fungal diseases in Canada can be broadly classified into three groups: 

necrotrophic, biotrophic, and inflorescence-infecting groups (Moore et al. 2020). Each has 

different strategies for infection and host interaction. Necrotrophic fungi, such as Zymoseptoria 

tritici, Parastagonospora nodorum, Pyrenophora tritici repentis, Rhynchosporium commune, and 

Bipolaris sorokiniana, cause foliar and basal diseases such as Septoria tritici blotch, Septoria 

nodorum blotch, tan spot, net blotch, barley leaf scald, and common root rot (Zhan et al. 2014; 

Fernandez et al. 2016; Kutcher et al. 2018; Elmhirst 2023).  These pathogens actively attack 

living cells, particularly senescing tissues and promote host cell death, with disease severity 

strongly influenced by moisture, temperature, and residue management, particularly under 

conservation tillage and continuous cereal rotations (Fernandez et al. 2016; Kutcher et al. 2018; 

Elmhirst 2023). Biotrophic pathogens, such as by Blumeria graminis (powdery mildew) and 

several Puccinia species, including P. graminis (stem rust), P. triticina (leaf rust), P. striiformis 

(stripe rust), and P. coronata (crown rust) are parasitic and depend on living host tissue, causing 

some of the most damaging foliar diseases of cereals (Lorrain et al. 2019; Mapuranga et al. 

2022). Their airborne urediniospores enable rapid spread under moderate temperatures and 
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prolonged leaf wetness (Chen et al. 2014; Cowger et al. 2016; Chen et al. 2022). Inflorescence 

infecting fungi include Fusarium graminearum, F. culmorum, and F. avenaceum (Fusarium head 

blight); Claviceps purpurea (ergot); Tilletia caries, T. foetida, and T. controversa (common and 

dwarf bunt); and Ustilago tritici, U. nuda, and U. hordei (loose and covered smuts). These 

pathogens infect flowering and fruiting bodies, disrupting grain formation and reducing kernel 

quality (Carris et al. 2006; Miedaner and Geiger 2015; Ferrigo et al. 2016; Mohite et al. 2025). 

Additionally, several species (particularly Fusarium and Claviceps) also pose significant food 

and feed safety risks due to the accumulation of trichothecenes, zearalenone, and ergot alkaloids 

(Miedaner and Geiger 2015; Ferrigo et al. 2016). Collectively, these fungal taxa represent the 

principal agents of disease in Canadian cereal systems and are closely tied to both local 

agronomic practices and larger climatic drivers (Fernandez et al. 2016; Elmhirst 2023). 

 Airborne dispersal is therefore one of the most important dissemination pathways of most 

cereal fungal pathogens. The atmosphere serves as a major conduit for fungal dispersal, enabling 

spores ranging from 0.1–100 µm to travel long distances and initiate outbreaks far from their 

source (Stakman & Christensen, 1946). Spores of Puccinia, Fusarium, Zymoseptoria, and 

Pyrenophora are capable of translocation via prevailing winds. This allows for long distance 

pathogen migration between fields and even across continents (Golan and Pringle 2017; Chen et 

al. 2022).  

1.3. Biovigilance 

 These pressures have driven the development of biovigilance-based approaches to crop 

disease management (Magarey et al., 2009). Biovigilance in plant pathology, as coined by 

Carisse et al. (2017), provides a proactive framework for detecting, assessing and managing plant 

health threats before they become epidemics. The framework consists of six interconnected 
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steps: awareness, detection, assessment, understanding, mitigation, and appropriateness. 

Awareness involves anticipating potential risks based on existing knowledge; detection refers to 

identifying the presence of a threat in the environment; assessment focuses on monitoring the 

threat and determining its significance; understanding requires in-depth study of the organism’s 

biology, dispersal, and vulnerabilities; mitigation involves developing and implementing 

strategies to reduce risk; and appropriateness ensures that the chosen interventions are effective 

and do not introduce unintended consequences. Collectively, these steps shift plant disease 

management from reactive responses during outbreaks toward preventative, evidence-based 

strategies that reduce the likelihood of epidemic development. 

 A central component of biovigilance is the surveillance of airborne plant pathogens, 

which are transported passively or actively through the atmosphere The atmosphere serves as a 

major conduit for fungal dispersal, Fungal species rely on both passive mechanisms, such as 

wind, rain splash, and turbulent mixing, and active spore ejection to reach new hosts or infection 

sites (Van Der Heyden et al., 2021). The atmosphere is therefore both a supply and an early 

indicator of pathogen presence. Continuous monitoring of airborne spores provides critical 

forecasts into disease epidemiology and supports the early warning systems central to 

biovigilance frameworks (Carisse et al. 2017).  

1.4. Implementation in the Field (Air Sampling Networks) 

 Large-scale spore-sampling networks have proven effective for tracking pathogen 

movement. For example, coordinated monitoring of Puccinia striiformis (stripe rust) across the 

Pacific Northwest and Canadian Prairies has demonstrated how airborne urediniospores can 

move long distances and initiate early-season epidemics, with spore counts and meteorological 

data improving regional disease forecasts (Chen et al., 2022; Chen et al., 2014).  
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Effective surveillance requires appropriate air sampling, such as impaction, cyclone, 

electrostatic, and virtual impaction systems, to accurately capture and categorize airborne fungal 

communities (Van Der Heyden et al., 2021). From this aspect, constructing an effective 

biovigilance platform needs to select appropriate spore-trapping samplers, which ensures 

accurate representation of the aeromycobiota (Van Der Heyden et al., 2021). Chen et al. (2018) 

evaluated the effectiveness of three samplers, including active rain, passive rain, and active 

volumetric air samplers, and provided specific recommendations for their use in detecting and 

recovering phytopathogens. Key factors such as the sampling period and height significantly 

influence the detection of airborne spores (Van Der Heyden et al., 2021). Research has shown 

that spore counts tend to decrease as the sampling height increases (Aylor, 1983; Aylor et al., 

2001). To achieve continuous monitoring, some studies employ 7-day samplers, which provide 

hourly or daily spore counts (Hellin et al., 2018; Reich et al., 2017; Rogers et al., 2009).  

1.5. Molecular Detection & Bioinformatics 

 Advancements in high-throughput sequencing (HTS) have significantly transformed the 

detection and tracking of plant pathogen dispersal. HTS-based metagenomic approaches—

including DNA metabarcoding, shotgun metagenomics, and metatranscriptomics—enable 

sensitive, multi-taxon characterization of environmental samples. Among these, DNA 

metabarcoding is the most widely applied for aerobiological surveillance. At a large-scale, cost 

effectiveness is a factor to consider. For this reason, short-read metabarcoding is preferable. It 

involves extracting DNA from environmental substrates such as air, soil, or water, amplifying a 

target barcode region using PCR, and sequencing the resulting amplicons on short- or long-read 

platforms such as Illumina or Nanopore (Bentley et al., 2008; MacKenzie & Argyropoulos, 

2023). Taxonomic composition is then inferred by comparing sequences to reference databases. 
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Metabarcoding is cost-effective and supports broad recovery of microbial taxa from diverse 

environmental samples (Chen et al., 2018; Dietzel et al., 2019; Ferguson et al., 2019; E. Karlsson 

et al., 2020; I. Karlsson et al., 2016). However, short-read metabarcoding often lacks the 

resolution needed to accurately identify species or sub-species, limiting its effectiveness in 

detecting phytopathogens, which are typically defined at these levels (Chen et al., 2022).  

  Internal Transcribes Spacer 2 (ITS2) metabarcoding has improved airborne fungal 

pathogen surveillance by enabling sensitive, multi-taxon detection from air samples (Banchi et 

al. 2018; Chen et al. 2022; Chen et al. 2024). Despite its broad fungal coverage, ITS2 alone 

frequently lacks the resolution needed to distinguish closely related species (Schoch et al. 2012; 

Chen et al. 2022). Species-level identification is critical because pathogenicity, host specificity, 

and mycotoxin production often vary among species and even among strains. For example, only 

certain Fusarium graminearum strains produce deoxynivalenol, and subspecies of Puccinia 

striiformis differ in host range and fungicide sensitivity (Fernandez et al. 2016; Chen et al. 2022). 

The success of short-read metabarcoding depends heavily on the selection of appropriate barcode 

regions and primers (Chen et al., 2022; Reich et al., 2023). Although the internal transcribed 

spacer (ITS) region is the most widely used fungal barcode due to its utility in phylogenetic 

studies, it has well-recognized limitations in resolving closely related species (Banchi et al., 

2018; Schoch et al., 2012). Secondary markers such as BT and TEF1-α therefore play an 

important role in improving taxonomic resolution, particularly when supported by curated 

reference datasets (Chen et al., 2022). However, the trade-off of it having a wide coverage, high 

amplification success rates, and its comprehensiveness in bioinformatics tools makes ITS2 more 

favourable than other markers for short-read metabarcoding (Nilsson et al., 2019; Schoch et al., 

2012). 
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 Accurate sequence classification also depends heavily on the availability of high-quality 

reference databases and robust bioinformatics tools. Taxonomic gaps and inconsistencies in 

public repositories such as GenBank can hinder identification, especially for groups like rust 

fungi and oomycetes that are under-represented in existing databases (Hibbett et al., 2016). To 

address these limitations, curated resources such as the CR-ITS2-refDB for cereal rust fungi 

(Chen et al., 2022) and the oomycetes-ITS1-refDB (Gahagan et al., 2023) have been developed 

to improve classification accuracy. Traditional classifiers, such as BLAST, RDP, and 

q2-feature-classifier, often show limited species-level accuracy for short ITS sequences (<35%) 

due to high sequence similarity among closely related taxa (Altschul et al., 1990; Eddy, 1995; 

Edgar, 2010; Wang et al., 2007). The Automated Oligonucleotide Design Pipeline (AODP) 

(Zahariev et al., 2018) addresses these challenges by extracting signature oligonucleotides 

unique to target taxa and applying a modified global alignment algorithm, outperforming other 

classifiers in both precision and recall. Integrating AODP into metabarcoding pipelines enhances 

species-level identification and strengthens the reliability of airborne pathogen surveillance 

(Chen et al., 2022; Chen et al. 2024). 

 An effective biovigilance toolbox also requires identifying the environmental drivers that 

shape fungal spore dissemination dynamics. Statistical and machine-learning approaches provide 

powerful tools for disentangling the complex interactions among weather, land use, and spore 

abundance. Rust fungi, for example, disperse rapidly via airborne urediniospores and are 

expected to benefit from climate-driven shifts in temperature, humidity, and atmospheric 

pressure across Canada (Lyon & Broders, 2017). Chen et al. (2024) used Random Forest 

modelling to show that air temperature and humidity are key predictors of leaf rust spore 

abundance. Such modelling approaches can reveal hidden patterns in large datasets, improve 
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predictive accuracy, and adapt as new data become available, thereby enhancing early-warning 

capabilities. 

 In conclusion, integrating spore-sampling networks, metabarcoding, and dense ancillary 

metadata (e.g., weather, land use, crop distribution, and agricultural practices) with statistical and 

machine-learning models provides a robust foundation for modern plant pathogen monitoring. 

These interdisciplinary approaches are driving the development of advanced biovigilance 

platforms that are essential for managing plant diseases and mitigating the impacts of climate 

change and land-use change on agriculture. As reference databases and bioinformatic tools 

continue to improve, these innovations will support increasingly precise pathogen detection and 

more effective disease management strategies. 

1.6 Objectives and Hypotheses 

 The overarching goal of this study is to characterize the temporal and spatial dynamics of 

the airborne phytopathobiome across Canada’s major agricultural landscapes. By integrating 

nationwide aerobiological monitoring with ITS2 metabarcoding and dense ancillary metadata, 

this research aims to identify the environmental and landscape drivers of airborne crop pathogens 

to support a proactive biovigilance framework. Based on the ecological principles of pathogen 

dispersal and host specificity, this study tests the following hypotheses: 

1. Spatial Hypothesis: The spatial distribution and relative abundance of airborne cereal-

associated pathogens are primarily driven by the local landscape composition and the 

prevalence of their specific host crops. 

2. Temporal Hypothesis: The seasonal dispersal dynamics of airborne pathogens are 

regulated by specific meteorological conditions (such as humidity, temperature, and 
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wind) and will align temporally with the phenological development stages of their host 

crops. 

3. Taxonomic Resolution Hypothesis: Resolving pathogen taxa to the species level will 

reveal distinct spatial and temporal ecological patterns that are otherwise obscured when 

analyzed at the broader genus level. 

To test these hypotheses, the specific objectives of this study are to: 

(i) Characterize the spatial and temporal dynamics of ten major cereal-associated fungal 

pathogen genera across multiple sentinel sites in Canada's major cereal-producing 

regions. 

(ii) Identify and quantify the specific environmental factors—encompassing both weather 

patterns and land use/crop distribution—that influence their airborne dispersal and 

seasonal abundance.  

(iii) Resolve targeted pathogens to the species level using advanced bioinformatic pipelines 

to improve the accuracy of species-specific disease risk assessments and spatial-temporal 

tracking.  
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2. Materials & Methods 

2.1 Experimental design, sampling sites, and metadata collection 

 In this study, air samples were collected by scientists from Agriculture and Agri-Food 

Canada (AAFC)’s several Research Centres across Canada. A total of 7 air samplers were 

deployed in seven provinces (Figure 1). Air sampling was carried out during the growing seasons 

of 2020-2023 at the BC site, 2021-2023 at AB, ON, QC and NS sites, 2022-2023 at the MB and 

SK sites.   

Air samples were collected using cyclone samplers (Burkard Manufacturing Co. Ltd., 

Richmansworth, England), which is a non-filter-based system designed for collecting air-

dispersed particulate matter directly into a sterile 1.5-ml microcentrifuge tube in the field. The 

cyclone samplers are typically used for collecting airborne dry particles but can also capture 

water samples during rainy weeks. The samplers were deployed to the field according to the 

duration of growing seasons of local crops, usually from the spring (April or May) to the harvest 

in the fall (September, October or November). Samples were collected weekly after 7 days of 

field exposure. On each sampling day, the microcentrifuge tubes containing the samples were 

brought to the laboratory, and new tubes were installed in the samplers. A total of 437 air 

samples were collected from all sites between 2020 and 2023.  

For all sites, climatological data was obtained from Environment and Climate Change 

Canada's meteorological service (http://climate.weather.gc.ca/). This included temperature-

related variables such as average temperature, minimum temperature, maximum temperature, 

wind direction (in 10s of degrees from north), maximum wind speed (in kilometers per hour), 

and precipitation (in millimeters). For each site, the closest weather station with hourly data was 
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selected. The closest weather station to a sampling site was 0.01 kilometers away (at ON1) while 

the furthest was 7.57 kilometers away (QC07), with a mean distance of 2.22 kilometers. Crop 

cover information within 1 km, 2 km, 5 km, and 20 km radii around each sampling site was 

extracted from the annual crop inventory compiled by Agriculture and Agri-Food Canada 

(https://agriculture.canada.ca/atlas/data_donnees/annualCropInventory/) using QGIS (version 

3.42.1) (Dawson et al., 2026).  

 

Figure 1. Locations of the sampling sites across Canada. Provincial and territorial boundaries 
were obtained from Statistics Canada (2021) at https://www12.statcan.gc.ca/census-
recensement/2021/geo/sip-pis/boundary-limites/index2021-eng.cfm?year=21. 

2.2 DNA extraction 

Air samples were collected by collaborators at each location and stored at -80 ℃. At the end of 

each sampling season, the samples were shipped on dry ice via overnight courier to the Chen lab 
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at AAFC Ottawa and stored at -80 ℃ until further processing. Genomic DNA was extracted 

using the DNeasy PowerSoil Pro DNA extraction kit (Qiagen, Hilden, Germany), with 

modifications. For samples containing rainwater, 10 mM Tris buffer (pH 7.0 to 8.0) was first 

added to a final volume of 1 ml, and the samples were dried in a Savant DNA 120 SpeedVac 

concentrator (Thermo Fisher Scientific, Waltham, MA, USA). All the samples were then 

processed using the same protocol. PowerBead and CD1 solution were added to the sample 

tubes. The samples were incubated at 65 °C for 5 minutes then sonicated for 1 minute, and this 

process was repeated twice. After a brief spin in a microcentrifuge, two layers of parafilm were 

applied to both the inside and outside of the tube lids to prevent spillage during homogenization. 

The samples were then homogenized in the Precellys ® 24 instrument at 4000 rpm for 20 

seconds, repeated twice. The subsequent steps followed the manufacturer’s protocol. DNA 

concentration was measured using a Qubit 3.0 or Qubit Flex fluorometer, and DNA quality was 

assessed by electrophoresis on a 1% agarose gel. DNA samples were stored at -80 °C for further 

analysis.   

2.3 Library preparation and Illumina Sequencing 

Library preparation and DNA sequencing were performed in different batches at three 

sequencing facilities: Génome Québec Innovation Centre (2021 samples), IMR at Dalhousie 

University (2020 and 2022 samples), and National Research Council of Canada (2023 samples). 

Forward primer was ITS3_KYO1 (5’-AHCGATGAAGAACRYAG-3’) and the reverse was 

ITS4rust (5’-CTTATTGATATGCTTAAGTTCAG-3’) as this primer pair was shown to have 

good coverage in the past (Chen et al., 2022). The protocols were similar for each sequencing 

organization, but slight differences are noted where relevant.  
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At Genome Quebec Innovation Centre, PCR was performed using the Hot Start High-

Fidelity DNA Polymerase and buffer on a BioRad T1 Cycler and included a negative control to 

detect potential contamination or unintended amplification. This protocol was the same for all 

primer pairs. The DNA template was diluted to 20 to 50 ng/µL. The initial PCR amplification 

was carried out in a 24-µL reaction volume comprising 1× PCR buffer with 15 mM MgCl2 

(Qiagen, Germantown, MD), 5% DMSO (Roche, Mississauga, ON, Canada), 0.2 mM dNTP mix 

(FroggaBio, Wheatfield, NY), 0.02 U/µL HotStarTaq DNA polymerase (Qiagen), 0.6 µM of each 

forward (tagged with D01) and reverse (tagged with D02) primers, 1 µL of DNA template, and 

5.51 µL of H2O. The following program was used for amplification: 96°C for 15 min for initial 

melting; 33 cycles of 96°C for 30 seconds, 52°C for 30 seconds, and 72°C for 60 seconds; and 

72°C for 10 minutes. The amplicons were verified on a 2% agarose gel and were purified with 

sparQ PurMag Beads (Quantabio, Beverly, MA). A secondary PCR was then carried out to add 

dual indexed barcoded adapters with primers targeting D01 and D02 of the initial PCR products. 

The PCR was carried out in a 17-µL reaction volume containing 1x PCR 10x buffer without 

MgCl2 (Roche), 1.8 mM MgCl2, 5% DMSO, 0.2 mM dNTP mix (FroggaBio), 0.025 U/µL 

FastStart Taq DNA Polymerase (Roche), 12.06 µL of H2O, 2 mM of dual-indexed barcoded 

adapters, and 1 µL of template. The PCR cycling parameters were 95°C for 10 minutes for initial 

melting; 15 cycles of 95°C for 15 seconds, 60°C for 30 seconds, and 72°C for 60 seconds; and 

72°C for 3 minutes. The secondary PCR products were quantified with a Quant-iT PicoGreen 

dsDNA Assay Kit (Life Technologies, Carlsbad, CA), pooled with the same quantity from each 

sample, and then purified with sparQ PureMag Beads (Quantabio). The sequencing libraries 

were then quantified with Kapa Illumina GA with Revised Primers-SYBR Fast Universal kit 

(Kapa Biosystems, Woburn, MA). The average fragment size was determined with a LabChip 
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GX (PerkinElmer, Waltham, MA) instrument. The Phix control library was added to the 

amplicon pool at a final concentration of 8 pM. The sequencing was performed on an Illumina 

MiSeq platform in a 2 x 300-bp paired-end format with a v3 600-cycle MiSeq Reagent Kit.   

At the Integrated Microbiome Resources Centre, Dalhousie University, the library preparation 

protocol was originally described by Comeau et al. (2017) and updated by Comeau and 

Kwawukume (2022). A dual-indexing, one-step PCR was performed using complete “fusion 

primers”, which incorporate Illumina Nextera adaptors, indices, and region-specific primers. A 

20-µL reaction was carried out, comprising 4 µL 5× Phusion Plus buffer, 0.4 µL of 40 mM 

dNTP, 0.4 µL of 1 µM each forward and reverse primers, 0.2 µL of Phusion Plus (2 U/µL), 2 µL 

of DNA template, and 5.4 µL of H2O. The following thermal cycling conditions were used for 

amplification: 98°C at 30 seconds for initial denaturation; 25 cycles of 98°C for 10 seconds, 

55°C for 30 seconds, and 72°C for 30 seconds; followed by a final extension at 72°C for 4.5 

minutes. The resulting PCR products were verified by electrophoresis using an E-Gel 96 

(Invitrogen) in a Mother E-Base (Thermo Fisher Scientific) for 12 minutes. Amplicons were 

subsequently purified and normalized in a single step using the high-throughput Invitrogen 

SequalPrep 96-well plate kit (Charm Biotech). Purified PCR products were pooled to create a 

single library, which was quantified using the Invitrogen Qubit dsDNA HS Assay (Thermo 

Fisher Scientific) prior to sequencing. A PhiX control library was spiked into the amplicon pool 

at a final concentration of 14 pM. Sequencing was performed on the Illumina MiSeq platform 

using the v3 600-cycle kit.  

At the National Research Council, the initial PCR amplification was carried out in a 25-µL 

reaction volume comprising 5 µL Taq 5X Master Mix (New England Biolabs) 10 µM (0.4 µL) of 

each forward and reverse primer, 1 µL of DNA template, and 18.2 µL of H2O. The following 
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program was used for amplification: 95°C for 5 min for initial melting; 35 cycles of 95°C for 30 

seconds, 47°C for 30 seconds, and 72°C for 60 seconds; and 72°C for 7 minutes. The only 

variation in protocols for the primers is that the rust-specific primers used 50°C for the annealing 

step and the oomycetes primer pair used 52°C for the annealing step. A secondary PCR was then 

carried out to add dual indexed barcoded adapters with primers targeting D01 and D02 of the 

initial PCR products. The PCR was carried out in a 20-µL reaction volume containing 10 µL 2x 

Kapa HiFi HotStart ReadyMix PCR kit (Kapa Biosystems), 5 µL index primer, and 5 µL PCR 

template. The PCR cycling parameters were 95°C for 3 minutes for initial melting; 12 cycles of 

95°C for 30 seconds, 50°C for 30 seconds, and 72°C for 30 seconds; and 72°C for 10 minutes. 

After each PCR step (Locus and Indexing) a 0.8x Bead Cleanup was performed and a subset of 

libraries were visually confirmed on an Agilent Tapestation. The completed libraries were 

quantified by qubit dsDNA HS and an equal mass of each sample was pooled to make the final 

sequencing pool for each amplicon. Each pool was also checked on an Agilent Tapestation and 

then quantified by qPCR using the KAPA Quantification Kit for Illumina. The quantified 

samples were pooled and prepared following the MiSeqௗDenature and Dilute for 4 nM 

LibrariesௗGuide. A final sequencing concentration of 10.5pM with 10% 10.5pM PhiX was 

targeted and loaded on the MiSeq Sequencer using a 600 cycle (2×301bp) run with dual 10bp 

indexing.  

2.4 Metabarcoding data processing  

The Illumina MiSeq sequencing adapters and primers were removed from the raw data using 

Atria (Chuan et al., 2021) and Cutadapt ver.4.1 (Martin, 2011), respectively. The paired-end 

reads were then processed using DADA2 ver. 2023.7.0 (Callahan et al., 2016) implemented in 

QIIME2 ver. 2023.7 (Bolyen et al., 2019) for denoising, chimera detection, and amplicon 
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sequence variants (ASVs) inference using default parameters without trimming or truncating at a 

specific position, as the ITS region has high length variance.   

Taxonomic assignment was initially performed using the QIIME2 q2featureclassifier 

Naïve Bayes classifier (Bokulich et al., 2018), trained on the UNITE fungal ITS database 

(version 10 dynamic) (Abarenkov et al., 2024) with a minimum bootstrap confidence of 70%. 

This approach provided reliable genus-level identifications but did not consistently resolve taxa 

to the species level. To improve species-level resolution for all genera except Puccinia, we 

integrated three complementary methods: QIIME2 Naïve Bayes classification, BLASTn, and 

alignment-based comparison. A local fungal reference database was constructed by retrieving 

sequences from NCBI using the query: txid4751[Organism] AND (internal transcribed spacer 

OR ITS) AND 5.8S NOT "sp." NOT genome NOT metagenome NOT mitochondria NOT 

environmental NOT clone NOT "complete genome" NOT shotgun. A custom BLAST database 

containing taxonomic identifiers and accession numbers was generated using makeblastdb, and 

representative ASVs were queried using blastn with a 97% identity threshold and an E-value 

cutoff of 0.01. For alignment-based classification, ASV sequences were aligned to UNITE 

reference sequences using MAFFT v7.526 with the FFT-NS-i algorithm (Katoh & Standley, 

2013), and the closest reference sequence was identified using the cophenetic function in the 

APE R package (Paradis & Schliep, 2019). Species-level assignments followed a hierarchical 

decision rule: full agreement among all three methods resulted in a confirmed species 

assignment; if full consensus was not achieved, the alignment-based species call was accepted 

only when supported by at least one additional method; ASVs lacking such support were not 

assigned to known species.  
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Species-level identification of ASVs belonging to the rust fungal genus Puccinia was refined 

using the Automated Oligonucleotide Design Pipeline (AODP) with an in-house curated rust 

fungi ITS2 database CR-ITS2-refDB (Chen et al., 2022), which identifies diagnostic nucleotide 

differences among closely related taxa (Chen et al., 2022; Zahariev et al., 2018). A detailed 

protocol is available at https://bitbucket.org/wenchen_aafc/metabarcoding_rust_fungi. To assess 

assignment accuracy, representative ASV sequences and reference sequences from the target 

species and closely related taxa were aligned using MAFFT v7.407 (Katoh & Standley, 2013), 

followed by approximate maximum-likelihood tree reconstruction in IQ-TREE v3.0.1 (Wong et 

al., 2025). Phylogenetic trees were visualized in iTOL v.7.5.1 (Letunic & Bork, 2024). ASVs 

were assigned biotroph status and annotated as plant pathogens via FUNGuildR package 

(Nguyen et al., 2016). ASVs identified as “plant pathogen” with confidence rankings of “highly 

probable”, “probable,” or “possible” are all included as part of the phytopathobiome. 

2.5 Statistical analysis and machine learning  

 All statistical analyses were performed in R (ver. 4.5.1) (Team, 2025). To evaluate site-

level environmental variation, Partial Least Squares Discriminant Analysis (PLS-DA) was 

conducted as a dimensionality-reduction analysis. For each genus of interest, relative abundance 

within the fungal community and detection frequency across samples and sites were calculated. 

General linear mixed-effects models (GLMMs) were implemented via the glmmTMB (which is 

able to handle skewed data with random effects) function in glmmTMB package (v1.1.12) 

(Brooks et al., 2017), to evaluate the effects of site and year, and their interactions on genus-level 

and species-level rclr-transformed abundances. Site and year were treated as fixed effects, week 

as a random effect, and repeated measures were nested within year-week as a random effect to 

account for repeated measures within the same sampling site. To account for unbalanced 
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sampling across years (resulting from field sites established at different timepoints between 2020 

and 2023) post hoc comparisons were performed using the emmeans package (v1.10.2) (Lenth, 

2017) with Sidak-adjusted P-values.   

 Random Forest (RF) modelling using the randomForest package (v4.7-1.1) (Liaw & 

Wiener, 2002) was carried out as an exploratory non-parametric feature selection tool to examine 

non-linear environmental and landscape associations with pathogen abundance. Because 

observations were collected repeatedly within sampling sites, the random forest assumption of 

sample independence was not fully met. Out-of-bag estimates were therefore treated as 

descriptive measures of model fit and may be optimistic; they were not interpreted as 

independent validation. Continuous abundances of frequently detected species 

(Parastagonospora nodorum, Fusarium tricinctum, Blumeria graminis) were analyzed using 

regression random forest models. Predictor variables included landscape composition 

(proportions of cereal crops and grasslands at 1–5 km scales) and environmental variables (mean 

temperature, total precipitation over 7 days, relative humidity, wind speed, and wind direction). 

Descriptive model fit was summarized using Out-of-Bag (OOB) mean squared error (MSE) and 

percentage variance explained (R2). Variable importance was assessed via %IncMSE (percent 

increase in mean squared error) and IncNodePurity (increase in node purity). These importance 

measures were interpreted as exploratory associations rather than causal effects. Additionally, 

generalized linear models were fitted using rclr-transformed genus abundances as responses and 

top-ranked variables from Random Forests as predictors. The GLMMs and Random Forests 

served complementary purposes: the GLMMs evaluated site and year effects using the random-

effects structure described above, whereas the Random Forests explored non-linear associations 

with climate and landscape variables. The Random Forest models did not explicitly account for 
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within-site temporal autocorrelation, so their performance and variable-importance rankings 

were interpreted cautiously. 

2.6 Data and coding availability 

All raw sequencing data were submitted to the NCBI Sequence Read Archive (SRA) under 

BioProject accession PRJNA1469275. Due to the large volume of the sequencing dataset, 

BioSample accessions will become available once the SRA staff has completed the review 

process (review still in progress as of May 21, 2026). All code and scripts for this project are 

available at https://github.com/WenChenAAFC/biovigilance_morgan 
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3. Results 

3.1 Weather and land use conditions at sampling sites 

 Total cereal coverage across sites ranged from 0.03–85.9% within the 1‑km buffer and 

from 0.7–44.4% within the 5‑km buffer (supplementary Figure S1). At the 5‑km scale, cereal 

coverage was highest at the SK and AB sites (>25%) and lowest at the ON site (~1%). Cereal 

crop composition was the dominant factor distinguishing sites, with higher proportions of wheat, 

barley, and corn driving clear between‑site separation in multivariate space (Figure 2A). 

Specifically, SK01, MB01, and AB09 were characterized by high spring wheat coverage, with 

AB09 also showing substantial barley production, whereas BC10, QC07, and NS01 were 

dominated by corn. 

 Seasonal variation of weather conditions at each site is given in supplementary Figure S2. 

Temperature is higher in the middle of the sampling season. Sites AB09, SK01, and MB01 are at 

a higher altitude than the other sites and therefore have lower overall pressure. Precipitation and 

humidity is higher at the end of the sampling season. Wind speed emerged as the most influential 

weather variable shaping site‑level differences (Figure 2A), with consistently higher values at 

SK01, MB01, and AB09 (supplementary Figure S1). In contrast, seasonal patterns were driven 

primarily by weather conditions, as shifts in temperature, wind direction, wind speed, humidity, 

and precipitation aligned strongly with within‑site temporal variation across sampling periods 

(Figure 2B; supplementary Figure S2; supplementary Figure S3). 

3.2 Summary of sequencing data and overall community 

The final ASV abundance table for the fungal communities contained over 14.4 million 

high-quality reads, with an average of 32,933ௗ±ௗ37,756 reads per sample. Across all samples, 
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4,650 ASVs were identified, spanning substantial taxonomic diversity, including 8 phyla, 32 

classes, 124 orders, 364 families, and 967 genera. Across all sites and years, the airborne fungal 

communities were dominated by Ascomycota and Basidiomycota, which accounted for 83.9% 

and 15.8% of total sequence abundance, respectively. Minor phyla included 

Entomophthoromycota (0.14%), Mucoromycota (0.14%), Mortierellomycota 

(2.67ௗ×ௗ10⁻²ௗ±ௗ2.91ௗ×ௗ10⁻⁴%), Chytridiomycota (6.81ௗ×ௗ10⁻³ௗ±ௗ6.85ௗ×ௗ10⁻⁵%), 

Neocallimastigomycota (3.76ௗ×ௗ10⁻⁴ௗ±ௗ2.54ௗ×ௗ10⁻⁵%), and Basidiobolomycota 

(1.67ௗ×ௗ10⁻⁴ௗ±ௗ1.13ௗ×ௗ10⁻⁵%). At the genus level, the communities were primarily composed of 

Cladosporium (55.30ௗ±ௗ21.57%), Alternaria (19.35ௗ±ௗ15.69%), and Stemphylium (4.30ௗ±ௗ12.88%) 

(supplementary Figure S4). 
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Figure 2. Partial least squares discriminant analysis (PLS-DA) of site-level environmental 
profiles. (A) Model including crop composition and key weather variables. (B) Model including 
only meteorological predictors. Ellipses represent 95% confidence intervals for each site, and 
vectors indicate variables contributing most strongly to separation along Components 1 and 2. 

 
 FUNGuild (Nguyen et al., 2016) identified 1649 ASVs (35.44% of total ASVs) as 

potential phytopathogens (patho-ASVs). These patho-ASVs contained 12,354,433 reads (86.04% 

of total reads) with an average of 28,335.86±33,234.8 reads per sample. This suggest that a 

smaller proportion of the patho-ASVs contained majority of the recovered metabarcodes, 

demonstrating that the phytopathogens are more abundant in the biome. The phytopathobiome 

compassed four (4) phyla, 19 classes, 58 orders, 149 families, and 311 genera that were 
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identified as possible, probably, or highly probably phytopathogens. The pathogenic fungal 

communities were composed of Ascomycota (94.3±0.14%), Basidiomycota (5.73±1.19E-02%), 

Chytridiomycota (6.13E-03±7.39E-05%), and Mucoromycoda (2.95E-03±6.97E-05%). The most 

abundant genera containing potential pathogens identified included Cladosporium (56.4%), 

Alternaria (20.9%), and Stemphylium (4.56%) (supplementary Figure S4). 

 Of the 12 targeted cereal-associated fungal pathogen genera, 10 were detected across all 

samples (supplementary Figure S5), comprising a total of 133 ASVs, whereas Pyrenophora and 

Rhynchosporium were absent. The combined relative abundance of these 10 genera ranged from 

0 to 76.7% across samples, with an overall mean of 1.64%. The most abundant genera across 

sites were Claviceps, Parastagonospora, and Ustilago, while Tilletia and Zymoseptoria were 

consistently low (supplementary Figure S5A). Parastagonospora and Ustilago had the highest 

detection across samples, whereas Tilletia and Zymoseptoria were the least frequently detected 

(supplementary Figure S5B). Site-level dominance patterns were strongly genus-specific: BC10 

had the highest abundance of Claviceps and Leptosphaeria; AB09 and SK01 of 

Parastagonospora and Ustilago; MB01 of Claviceps, Ustilago, and Parastagonospora; ON01 of 

Puccinia, Ustilago, and Bipolaris; QC07 of Fusarium and Blumeria; and NS01 of Blumeria 

(supplementary Figure S6). 

3.3 The cereal crop phytopathobiome 

3.3.1 Parastagonospora nodorum 

Among the eight ASVs assigned to Parastagonospora, three were identified as P. nodorum, the 

causal agent of Stagonospora nodorum blotch (SNB), representing on average 0.25% of total 

fungal communities (Table 1). P. nodorum was detected frequently at Prairie sites, occuring in  
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67.6–78.9% of samples at AB09, SK01, and MB01, but appeared far less often at coastal and 

eastern locations. Relative abundance was likewise highest in the Prairies, particularly in 2023, 

indicating strong spatial structuring (Figure 3A). Seasonally, abundance consistently peaked in 

June and July across Prairie provinces, aligning with wheat heading and early grain filling. 

Interannual variation was most pronounced at AB09, pointing to additional year-specific 

environmental influences. 

Random forest modelling identified spring wheat as the highest-ranked predictor of P. 

nodorum abundance, consistent with the prevalence of wheat in Prairie landscapes (Figure 3B). 

This relationship was further supported by a strong positive correlation between abundance and 

spring wheat coverage (Spearman’s r = 0.62, P < 0.001, supplementary Figure S7), providing 

empirical support for the spatial hypothesis. Abundance peaks in June at Prairie sites coincides 

with rising temperatures, frequent rainfall events, and long dew periods, creating ideal conditions 

for P. nodorum infection and spread (Figure 3B).  
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Table 1. Identified cereal-associated fungal pathogen species/species complexes, their relative abundance across all samples and 
associated disease. 

Genus Species Species complex 

Relative Abundance 

(%, mean ±sd) Notes 

Parastagon

ospora 

Parastagonospora 

nodorum — 0.2524±0.6859 

Causal agent of Stagonospora nodorum 

blotch (SNB), wheat 

Bipolaris Bipolaris zeicola — 0.0004±0.0055 

 Cause of Northern Corn Leaf Spot 

Disease 

Blumeria Blumeria graminis — 0.0709±0.4023 

Cause of powdery mildew on several 

cereal types. 

Fusarium Fusarium poae — 0.0008±0.0088 Cause of FHB on wheat, barley and oats 

Fusarium 

Fusarium 

sambucinum — 0.0017±0.0268 

Fusarium head blight and root/crown rot 

of cereals 

Tilletia Tilletia indica — 0.0012±0.0146  Causal agent of Karnal bunt of wheat 

Ustilago Ustilago maydis — 0.0679±0.3865 Causes corn smut on maize 
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Ustilago Ustilago hordei — 0.0499±0.3751 Causes covered smut of barley 

Ustilago Ustilago coicis — 0.0214±0.1196 Smut of Job's tear millet 

Ustilago Ustilago kummeri — 0.0033±0.0275 closely related to cereal smut pathogens 

Puccinia Puccinia coronata 

Puccinia_coronata.VARave

naeFSPavenae 0.0199±0.11522 Crown rust of oats 

Puccinia Puccinia coronata 

Puccinia_coronata.VARcor

onata 0.0086±0.0889 Infects cereals + grasses 

Puccinia Puccinia coronata Puccinia_coronati.hordei 0.0019±0.0156 Crown rust of barley 

Puccinia Puccinia graminis Puccinia_graminis.CladeII 0.0015±0.02325 stem rust 

Puccinia Puccinia graminis Puccinia_graminis.CladeIII 0.0136±0.0693 stem rust 

Puccinia Puccinia hordei Puccinia_hordei.CladeI 0.00001±0.00012 barley leaf rust 

Puccinia Puccinia hordei Puccinia_hordei.CladeII 0.003±0.0322 barley leaf rust 
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Puccinia 

Puccinia 

recondita 

Puccinia_recondita.CladeI

V 0.003±0.0321 Leaf rust 

Puccinia 

Puccinia 

recondita 

Puccinia_recondita.CladeV

I 0.0101±0.06614 Leaf rust 
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Figure 3. Seasonal patterns and environmental drivers of Parastagonospora nodorum in 
aerobiological surveillance across Canada. (A) Relative abundance of P. nodorum detected at 
seven sentinel sites (2020–2023); error bars indicate the standard error of monthly means. (B) 
Variable importance from a Random Forest regression model (% variance explained = 17.75), 
summarizing the relative contribution of crop distributions and meteorological variables to 
observed abundance patterns. 

3.3.2 Ustilago species 

Ustilago was widely distributed across the study region, exhibiting both high detection frequency 

and substantial relative abundance at several sites. It was detected in more than 30% of all 

samples, indicating a persistent airborne presence throughout the growing season (supplementary 

Figure S5B). Detection frequencies were highest at Prairie sites, particularly MB01, where 

Ustilago was detected in up to 91.2% of samples, while coastal and eastern sites showed lower 

but consistent occurrence (supplementary Figure S5B). Relative abundance was generally 
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elevated at MB01, AB09, SK01, and ON01, highlighting strong regional structuring linked to 

cereal-producing areas (supplementary Figure S6). A total of 23 Ustilago ASVs were detected 

across the study period. Of these, three to U. hordei, two each to and U. coicis and U. kummeri, 

and one to U. maydis, which were cereal-associated pathogens (Table 1). Different Ustilago 

species showed distinct spatial and seasonal patterns (Figure 4). U. maydis (corn smut) was 

detected mainly at ON01, with a detection frequency of 46%, particularly at the beginning and 

end of the growing season, consistent with local maize production (Figure 4A, supplementary 

Figure S8). U. hordei (covered smut of barley) was most abundant at AB09 and SK01, where 

barley proportions were highest (Figure 4B). U. coicis was observed at all sites except 

BC10, indicating a broader distribution across regions (Figure 4C).  

 While the genus Ustilago was widely distributed, resolving it to the species level revealed 

distinct host-specific spatial patterns (e.g., U. maydis in corn-heavy Ontario vs. U. hordei in 

barley-heavy Prairies), providing evidence for the taxonomic resolution hypothesis. 
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Figure 4. Seasonal dynamics of four cereal associated Ustilago species detected at seven sentinel 
sites (2020–2023).  Panels show monthly mean relative abundances for (A) U. maydis, (B) U. 
hordei, (C) U. coicis, and (D) U. kummeri across all sampling years. Error bars indicate the 
standard error of monthly means. 
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3.3.3 Fusarium species 

Fusarium was consistently detected across all sampling sites and years, exhibiting moderate to 

high detection frequencies (17.6–45.6%) and relatively stable spatial distribution (Figure 5A, 

supplementary Figure S5). Detection frequencies were highest at MB01, ON01, QC07, and 

SK01, indicating widespread and persistent airborne presence across both Prairie and eastern 

regions. Relative abundance varied among sites, with pronounced peaks at MB01 and QC07, 

highlighting localized hotspots of Fusarium enrichment. Strong interannual variability 

characterized Fusarium dynamics. Overall abundance was significantly higher in 2022 and 2023 

compared to 2020 and 2021 (P < 0.001). Seasonally, Fusarium abundance tended to increase 

during spring and early summer, with notable peaks observed in April 2022 at MB01 and in 

July–August 2023 at QC07 (Figure 5A). Random forest modelling ranked relative humidity as 

the highest-ranked climatic predictor of Fusarium abundance, while the mixed-effects model 

found an association with relative humidity (P < 0.001), a pattern that aligns with the temporal 

hypothesis, but this observational association does not establish a regulatory mechanism for 

airborne inoculum survival and dispersal (Figure 5B). Random forest analysis further indicated 

that several crop and vegetation types, including spring wheat, barley, grassland, and corn, were 

highly ranked predictors of Fusarium dynamics (Figure 5B). 

A total of nineteen Fusarium ASVs were detected; however, most ASVs cannot be 

identified at species level, only 2 ASVs were identified as cereal-associated pathogenic species 

as F. poae, and F. sambucinum, separately, with very low abundance (Table 1). 
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Figure 5. Seasonal dynamics of Fusarium detected at seven sentinel sites from 2020 to 2023(A). 
(B) Important environmental variables and host-related variables associated with Fusarium 
abundance, as determined by random forest regression modelling. 

 

3.3.4 Puccinia species 
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 A total of 40 Puccinia ASVs were detected, of which 35 were assigned to 18 identified 

species or formae speciales using AODP, including nine cereal-associated pathogens (Table 1). 

The most abundant species included Puccinia recondita, P. coronata, and P. hordei, all of which 

are major rust pathogens of cereal crops. Puccinia species were intermittently detected across 

sampling sites, exhibiting generally low detection frequencies but clear spatial and temporal 

patterns (supplementary Figure S9). Detection frequency varied among species, with Puccinia 

graminis (Clade III), P. coronata (var. avenae f. sp. avenae), and P. recondita (Clade VI) 

(supplementary Figure S10) showing relatively higher occurrence across multiple sites, 

particularly at ON01 and BC10. In contrast, other taxa, including P. hordei and P. graminis 

(Clade II), were detected less frequently and displayed more restricted distributions. 

Temporal dynamics of Puccinia species were characterized by sporadic but pronounced 

peaks in relative abundance, rather than consistent seasonal trends (Figure 6). Several species 

exhibited sharp, transient increases during mid- to late growing season. For example, P. graminis 

(Clade III) and P. coronata (var. avenae f. sp. avenae) showed notable peaks in 2023, particularly 

at ON01 and QC07, while P. recondita (Clade VI) displayed episodic increases across multiple 

sites, with higher abundance observed in 2022 and 2023. Species associated with barley and oat 

rusts, including P. coronata and P. hordei, showed localized abundance peaks, suggesting site-

specific host or environmental conditions influencing their occurrence. In contrast, P. graminis, a 

pathogen with a broader host range, exhibited wider spatial distribution and more frequent 

detection across sites. 

The use of the AODP pipeline to resolve Puccinia to species and clade levels allowed for 

the detection of host-specific patterns that would have remained cryptic at the genus level, 

further supporting the taxonomic resolution hypothesis. 
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Figure 6. Seasonal dynamics of cereal-associated Puccinia species complex detected at seven 
sentinel sites (2020–2023). Error bars represent the standard error of monthly means. 

 

Overall, Puccinia dynamics were characterized by low baseline abundance punctuated by 

episodic outbreaks, with substantial interannual variability and site-specific patterns. These 

observations suggest that airborne Puccinia populations are influenced by localized host 

availability and episodic environmental conditions favorable for spore release and dispersal. 

3.3.5 Blumeria graminis 

Seven Blumeria ASVs were detected across the dataset, and all were identified as Blumeria 

graminis, the causal agent of powdery mildew on cereals and an economically important 
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pathogen worldwide (Inuma et al., 2007). B. graminis occurred at every sampling site, with 

pronounced seasonal peaks (Figure 7A). Notably high abundances were observed at NS01 during 

May–June 2021 and at QC07 in October 2023, reflecting strong temporal and regional variation 

in airborne inoculum (Figure 7B). 

Random forest analysis highlighted several key climatic and host-related predictors 

associated with B. graminis abundance (Figure 7B). Relative humidity emerged as the highest-

ranked environmental predictor, followed by the local presence of winter wheat, barley, and corn 

within a 5km radius. These variables collectively contributed most to model performance, 

suggesting that moisture conditions and host-crop distribution were associated with airborne 

patterns of B. graminis across the surveillance network. 
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Figure 7. Seasonal patterns and environmental drivers of Blumeria graminis in aerobiological 
surveillance across Canada. (A) Relative abundance of B. graminis detected at seven sentinel 
sites (2020–2023); error bars indicate the standard error of monthly means. (B) Variable 
importance from a Random Forest regression model (% variance explained = 17.75), 
summarizing the relative contribution of crop distributions and meteorological variables to 
observed abundance patterns. 
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4. Discussion 

This study demonstrates that airborne cereal-associated fungal communities across Canadian 

agroecosystems are structured by a hierarchical interaction between host availability and 

atmospheric processes. Landscape composition constrains the pool of potential inoculum, while 

meteorological conditions regulate its release, dispersal, and temporal expression. This dual-

filtering framework helps reconcile previously fragmented observations in aerobiological studies 

and provides a mechanistic basis for understanding spatial and temporal variation in airborne 

plant pathogens. Importantly, the strength of these drivers varies among taxa, producing distinct 

patterns at both the genus and species levels. 

4.1 Host preference as a driver of spatial dynamics in airborne cereal-associated pathogen 

communities 

In strong support of the spatial hypothesis, landscape composition emerged as a key determinant 

of the spatial distribution and abundance of airborne plant pathogens, largely mediated by host 

specificity (Mahas et al., 2026; Moore & Borer, 2012). Pathogens with narrow host ranges 

showed strong spatial coupling with the respective dominant crops, whereas generalist displayed 

broader distributions shaped by a combination of host diversity and environmental conditions. 

These patterns are consistent with ecological theory predicting tighter resource coupling for 

specialists and greater environmental responsiveness among generalists. 

Wheat-associated pathogens, particularly Parastagonospora, were most abundant at 

Prairie sites with extensive spring wheat coverage. P. nodorum, the dominant species in this 

genus, causes Septoria nodorum blotch which reduces photosynthetic capacity, grain quality, and 

total yield (Cowger et al., 2020; Downie et al., 2021; Hafez et al., 2020). The alignment between 
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P. nodorum abundance and wheat phenology highlights the predictability of dispersal patterns for 

host-specialized pathogens. The high abundance of P. nodorum in the prairies is also shown in 

the Canadian Plant Disease Survey (Elmhirst, 2023). 

Smut fungi (Ustilago spp.) showed similarly strong host associations but with greater 

heterogeneity at the species level. While the genus was widely distributed, individual species 

exhibited distinct spatial patterns reflecting their specific hosts. For example, U. maydis, 

specialized on corn (Brefort et al., 2009; Kahmann & Kämper, 2004), was concentrated at ON01 

dominated by corn, whereas U. hordei was associated with barley-rich landscapes, demonstrating 

how host-restricted pathogens track specific cereal distributions within mixed agricultural 

landscapes (Cheng et al., 2026; Gaudet et al., 2010). These findings highlight an important 

methodological implication: genus-level aggregation can obscure ecologically meaningful 

patterns, particularly for taxa with strong intra-genus differences in host specificity.  

In contrast, Fusarium showed broad spatial distributions, consistent with its wide host 

range, ability to colonize both cultivated cereals and wild grasses, and persistence on crop 

residues (Goswami & Kistler, 2004; Harris et al., 2016; Wu et al., 2024). These ecological traits, 

combined with inputs from diverse vegetation types documented in this study, help explain 

Fusarium’s widespread airborne presence across agricultural landscapes. A key limitation is the 

inherently poor species-level resolution of Fusarium when using ITS2. Most ASVs could not be 

classified beyond the genus, reflecting well-documented challenges in resolving Hypocreales 

with this marker, where multiple distinct species often collapse into a single UNITE species 

(Cobo-Díaz et al., 2019; Lücking et al., 2020). Species-level identification, particularly for 

pathogenic taxa, typically requires higher-resolution markers such as EF1-α or targeted qPCR 

assays . As a result, our interpretations necessarily remain at the genus level, and future 
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surveillance efforts will benefit from integrating metabarcoding with species-specific molecular 

diagnostics.  

Blumeria graminis is an obligate biotrophic powdery mildew infecting cereal crops 

within the subfamily Pooideae, including wheat, barley, rye, and oats (Inuma et al., 2007; 

Mapuranga et al., 2022b). All detected Blumeria ASVs were assigned to the species level but 

could not be resolved into formae speciales due to limitations of ITS metabarcoding. Despite 

this, pronounced spatial and temporal peaks indicate that airborne metabarcoding can still 

capture meaningful landscape-level patterns for obligate biotrophs. These peaks likely reflect 

localized host availability combined with favorable environmental conditions for conidial 

production and dispersal.  

Puccinia is the largest rust genus with over 4,000 described species (Avasthi et al., 2023). 

In contrast to other genera, Puccinia exhibited high taxonomic resolution in this study, enabling 

species- and clade-level insights, due to the application of AODP classification method. The 

detection of multiple cereal-associated rust species, including P. coronata, P. graminis, and P. 

recondita, revealed strong site-specific patterns, with the highest abundance observed at ON01. 

The co-occurrence of multiple clades at this site suggests that it may function as a regional 

receptor, integrating both local and long-distance inoculum. This highlights the importance of 

considering atmospheric transport processes alongside local host availability when interpreting 

rust dynamics. 

 Collectively, these results demonstrate that host preference is a fundamental driver of 

spatial structuring in airborne pathogen communities, with its influence most pronounced in 

host-specialized taxa. Importantly, these findings confirm the taxonomic resolution hypothesis by 

demonstrating that genus-level aggregation can obscure ecologically meaningful patterns, 
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particularly for taxa with high intra-genus variability in host specificity, underscoring the 

importance of species-level resolution for accurately linking airborne dynamics to agricultural 

landscapes. 

4.2 Environmental drivers of airborne cereal-associated pathogen communities 

As predicted by the temporal hypothesis, temporal dynamics across pathogen taxa were 

primarily governed by seasonal climatic forcing, which determined the timing, magnitude, and 

persistence of airborne abundance. Two dominant modes of temporal behavior emerged: (i) 

phenology-constrained peaks in host-specialized pathogens, and (ii) climate-responsive 

persistence in generalist taxa.  

Host-specialized pathogens exhibited temporally predictable peaks closely aligned with 

crop development stages. Parastagonospora nodorum consistently peaked during early to mid-

summer, coinciding with wheat heading and grain filling. This timing reflects the pathogen’s 

infection biology, where sporulation on senescing tissues and favorable warm, humid conditions 

promote rapid inoculum production (Downie et al., 2021; Pilo et al., 2022). Similarly, Blumeria 

graminis showed pronounced but episodic peaks, reflecting its dependence on both susceptible 

hosts and narrow climatic windows suitable for conidial development (Cao et al., 2012). 

Powdery mildew development is optimal at temperatures between 15 and 22 °C, while infection 

efficiency and disease progression decline sharply above 25 °C (Mathre, 1997). In these taxa, 

meteorological conditions primarily modulated the intensity of host-driven seasonal patterns 

rather than determining their timing. 

In contrast, generalist taxa such as Fusarium exhibited broader temporal windows and 

greater sensitivity to environmental variability. Continuous detection across the growing season 
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indicates sustained inoculum availability, supported by multiple host reservoirs and saprophytic 

survival on crop residues (Karlsson et al., 2021; Marzec-Schmidt et al., 2021). Elevated 

abundance during periods of high humidity and precipitation highlights the importance of 

atmospheric conditions in regulating spore maturation, release, and dispersal  (Grinn-Gofroń & 

Bosiacka, 2015; Manstretta & Rossi, 2015). The pronounced early-season peak observed at 

MB01 illustrates how local microclimatic conditions and residue-derived inoculum can generate 

site-specific dynamics even within broader regional patterns (Hoffmann et al., 2023).  

Late-season dynamics were particularly evident for Puccinia and, in some cases, 

Blumeria. Several Puccinia species exhibited sharp, episodic peaks in mid- to late season, rather 

than continuous presence. These patterns are consistent with the epidemiology of rust fungi, 

where repeated cycles of urediniospore production and long-distance dispersal lead to regional 

accumulation of inoculum over time (Meyer et al., 2017; Prank et al., 2019). The importance of 

wind speed and humidity in shaping these dynamics underscores the role of atmospheric 

transport and environmental suitability in driving temporal variability (Aylor, 2003). The 

episodic nature of Puccinia abundance suggests that regional-scale dispersal events may 

dominate over local inoculum production, particularly for pathogens capable of long-distance 

movement. 

 Overall, these findings demonstrate that temporal dynamics in airborne pathogen 

communities emerge from the interaction between environmental suitability and host availability. 

Climatic factors regulate spore release, survival, and dispersal, while host phenology constrains 

when inoculum can be produced. This interaction results in sharply defined, phenology-driven 

peaks for specialists and broader, climate-sensitive patterns for generalists, providing a unified 

explanation for the diverse temporal behaviors observed across taxa.  
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4.3 Integrating airborne monitoring and disease management 

Airborne metabarcoding provides a high-resolution tool for capturing pathogen presence across 

landscapes, including both dominant and cryptic taxa. When combined with climatic and 

landscape data, airborne inoculum information has been shown to improve epidemiological 

understanding and inform proactive disease management by identifying when and where 

airborne inoculum levels are high and by helping refine disease warning systems (Chen et al., 

2024; Chen et al., 2022; Reich et al., 2023; Van der Heyden et al., 2021). 

The clear phenology-aligned peaks observed for P. nodorum and the late-season 

accumulation patterns in Puccinia species demonstrate that airborne monitoring can resolve 

pathogen-specific risk windows across regions. Such information has direct applications for 

disease management, particularly for optimizing the timing of interventions such as fungicide 

applications (Van der Heyden et al., 2021). For pathogens with well-defined infection windows, 

such as Fusarium species causing head blight and rust fungi (Puccinia spp.), integrating airborne 

inoculum data with meteorological conditions and host phenology can enhance forecasting 

accuracy and enable more precise, targeted disease management (Prank et al., 2019; Van der 

Heyden et al., 2021; West et al., 2017). 

 Moreover, the strong regional differences observed in pathogen composition and 

dynamics suggest that region-specific surveillance networks may be necessary to capture spatial 

heterogeneity in disease risk across diverse agroecosystems. Even taxa with low or sporadic 

detection, such as Tilletia or Zymoseptoria, may have epidemiological significance if their 

presence coincides with susceptible host stages or facilitates long-distance dispersal (Carris et al., 

2006; Francisco et al., 2019; McDonald et al., 2022; Seethapathy, 2025). 
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5. Conclusions and Future Work 

5.1 Conclusions 

This study provides a comprehensive characterization of the airborne phytopathobiome across 

Canada’s major agricultural landscapes, demonstrating that fungal communities are governed by 

a hierarchical interaction between host availability and atmospheric processes. By integrating 

nationwide aerobiological monitoring with ITS2 metabarcoding and high-resolution ancillary 

metadata, this research successfully validated the following three hypotheses: 

 Validation of the Spatial Hypothesis: Landscape composition emerged as the primary 

determinant of spatial structuring. Pathogens with narrow host ranges, such as the wheat 

specialist Parastagonospora nodorum and host-specific Ustilago species, exhibited 

distributions strictly coupled with the prevalence of their respective host crops. In 

contrast, generalist taxa like Fusarium and Blumeria graminis displayed broader spatial 

distributions reflecting their wider ecological versatility. 

 Validation of the Temporal Hypothesis: Seasonal dynamics across pathogen taxa were 

regulated by climatic forcing and host phenology. For host-specialists, abundance peaks 

aligned precisely with critical crop development stages, such as wheat heading for P. 

nodorum. For more generalist or long-distance dispersing taxa like Fusarium and 

Puccinia, relative humidity and wind speed emerged as dominant environmental drivers, 

modulating spore release and dispersal throughout the growing season. 

 Validation of the Taxonomic Resolution Hypothesis: This study underscores the 

critical importance of species-level identification in aerobiological surveillance. By 

utilizing advanced bioinformatic tools like the AODP pipeline, we resolved host-specific 
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patterns within complex genera—such as the differentiation between corn-specialized U. 

maydis and barley-associated U. hordei—that would have remained cryptic at the genus 

level. 

Overall, this work establishes that combining airborne metabarcoding with landscape and 

climatic data provides a robust, scalable framework for modern biovigilance. These insights 

allow for the identification of high-risk periods and locations, supporting a shift from reactive 

disease management toward proactive, evidence-based interventions. 

5.2 Future Work 

While this research provides a strong foundation for a nationwide biovigilance toolbox, several 

avenues for future work remain: 

1. Bridging Inoculum to Infection: Airborne DNA detection currently represents inoculum 

pressure rather than realized field infection. Future research should aim to establish 

quantitative relationships between airborne signals and actual disease outcomes to 

improve the utility of these data for on-farm decision-making. 

2. Refining Environmental Models: Current datasets may not capture fine-scale 

microclimatic variability within crop canopies. Incorporating high-resolution, field-level 

microclimatic measurements would enhance the accuracy of predictive models. Including 

farm practices (ex: tillage, crop rotation, pesticide usage) would further refine these 

predictive models. Because the Random Forest models did not explicitly represent 

repeated observations within sites, their out-of-bag performance and variable-importance 

rankings should be regarded as exploratory. 
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3. Expanding Taxonomic Resolution: While high resolution was achieved for Puccinia, 

other significant genera like Fusarium remain difficult to resolve with the ITS2 marker. 

Future surveillance would benefit from multi-marker approaches (e.g., incorporating 

EF1α) and the expansion of curated, host-annotated reference databases. 

4. Operational Forecasting: Integrating these real-time monitoring data streams into 

predictive modelling frameworks is a critical next step. Developing operational disease 

forecasting systems will enable the timely, proactive management required to ensure the 

long-term sustainability of Canadian cereal production. 
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Statement on the use of Generative AI 

GPT-4o and Google Gemini were both used to assist in this work. It was used for three purposes: 

explaining error messages when writing code, writing regex for pattern matching, and correcting 

sentence structure and grammar. It was not used to generate the text of this thesis, the figures, or 

design the methodology. 
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Supplementary Figures and Tables 

Supplementary figures 

 

Figure S1. Land use proportions of cereals at each site in percentage of occupied area. Stacked 
bar plots show the percentage of cereal crop types within the given radius (in kilometers). BC, 
ON, QC, and NS have a strong focus on corn, while AB, SK, and MB are primarily wheat. AB 
also contains a lot of barley. 
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Figure S2. Temporal variation for weather conditions at each site. Error ribbon is in standard 

deviation. 
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Figure S3. Wind direction by frequency at each site. 
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Figure S4. Stacked bar chart showing the relative abundance of the top 20 most abundant fungal 
genera across sampling sites and all years. Genera outside the top 20, including Incertae sedis 
taxa, are grouped as “Other”. Relative abundances are averaged across samples within each site. 
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Figure S5. (A) Stacked bar chart showing the mean relative abundance of ten important cereal-
associated fungal pathogen genera across sampling sites and all years. Each bar represents the 
site-level average genus composition (± standard error), with colors distinguishing genera. Error 
bars indicate the standard error of the total abundance at each site. Letters above bars denote 
groupings from multiple comparisons of total abundance (CLD test, α = 0.05, Sidak adjustment); 
different letters indicate statistically significant differences. (B) Detection frequency of ten 
important cereal-associated genera across all sampling sites (top panel) and at each individual 
site (bottom panel). 
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Figure S6. Relative abundance for each genus at each site. Error bars are in standard error. 
Letters denote compact letter display for significance; sites sharing a letter are not significantly 
different (p > 0.05). 
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Figure S7. Correlation between Parastagonospora nodorum abundance and spring wheat 
proportion within a 1 km radius, assessed using Spearman’s rank correlation. 
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Figure S8. Detection frequency of four Ustilago species across sampling sites. 
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Figure S9. Detection frequency of Puccinia species across sites. 

Supplementary tables 

Table S1. Mean and standard deviation across all sites for the most abundant genera containing 
potential pathogens. 

Genus Mean relative abundance Standard Deviation 
Cladosporium 0.5531 0.2157 
Alternaria 0.1935 0.1569 
Stemphylium 0.0430 0.1288 
Pseudopithomyces 0.0324 0.0572 
Trametes 0.0133 0.0558 
Botrytis 0.0124 0.0271 
Bjerkandera 0.0117 0.0459 
Exobasidium 0.0113 0.0345 
Ramularia 0.0089 0.0366 
Ganoderma 0.0087 0.0216 
Peniophora 0.0086 0.0259 
Ustilago 0.0085 0.0307 
Puccinia 0.0077 0.0465 
Periconia 0.0065 0.0177 
Aureobasidium 0.0057 0.0172 
Fusarium 0.0041 0.0144 
Penicillium 0.0038 0.0420 
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Fomes 0.0038 0.0173 
Rhodotorula 0.0031 0.0216 
Taphrina 0.0031 0.0133 
Other Genera 0.0567 0.0851 
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Figure S10. Reconstructed tree used for species-level classifications. Names highlighted in yellow are the 
ASVs from the sample data. 


