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Detection of fungal wheat pathogens from field samples |dentification of the best strategy to dissect the
using nanopore sequencing compositions of taxa from complex microbial communities
Introduction
* Fungal diseases of plants are responsible for major losses in agriculture, highlighting the need || * Taxonomic binning in low taxonomic ranks (genus, species) is difficult for
for rapid and accurate identification of plant pathogens. complex microbial communities, due to misclassification or failed
* Disease outcomes are influenced by diverse microbial communities at sites of infection. classification.
 We described the first use of metagenomics sequencing using a nanopore sequencer to = * We constructed a mock fungal community from 19 fungal genera and assessed
detect fungal pathogens from wheat (Triticum aestivum). Our method is robust and capable of the biases introduced by DNA extraction. Here we describe some issues in the
diagnosing stripe rust (Puccinia striiformis f. sp. tritici), septoria blotch (Zymoseptoria tritici) classification and found that an alignhment approach using a specific database
and yellow spot (Pyrenophora tritici repentis) infections. is the best option for taxonomic classification.

* We also found the bacterial genus Pseudomonas associated with Puccinia and Zymoseptoria.
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symptomatic disease identification. unigue in each symptomatic disease identification.

Fig. 3. Influence of different pooling strategies on the relative abundance of the same mock
fungal community.
*No genus Nakaseomyces in the mock community but it is synonymous with genus Candida.

Check out our paper:

Next step: Tracing the quantitative abundance
of fungal pathogens and associated Alignment of reads to a specific database

microbiomes during infection provides the most accurate classification

True classification: Reads classified to the taxonomic rank from the mock
community.

False classification: Reads classified to the taxonomic rank but NOT from the
mock community.

Unclassified: Reads does not classified in that taxonomic rank.

Hypothesis: pv o
The quantity of microbial : "a
communities is associated with

pathogen development.

True True

Recall rate = S te =
True + False + Unclassified Heeess rate True + False

Experimental design:
1. We conducted a wheat disease
trial, sampling four times annually

Similar workflow has been
applied for diagnosis of

Genera Recall rate (%) Genera Success rate (%)

human fungal pathogens. : :
Check out our manuscript: at defined growth stages for three fungidb nt fungidb nt
years. blastn 66 60 74 74
2. We plan to quantify the abundance Kraken?2 66 57 67 61

of major pathogen species and
their associated microbiomes using
a metagenomics approach.

Table 2. The recall rate and success rate of each combinations of the programmes and databases.
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