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e eDNA Metadata: Metadata from eDNA
samples will be integrated into the deep

learning model. e Multimodal Approach: We explored deep

learning for barcode classification and we
proposed NLP-based metadata integration.

o Dataset: 156 plant species from the PLANITS
database [Banchi et al., 2020], each with 16
barcodes, including reverse complements with no
data augmentation.

o Barcoding Model: We adapted Fluck et al.'s CNN
architecture [Fllck et al., 2022] for plant barcoding
and benchmarked against other models [Zhou et
al., 2024; Dalla-Torre et al., 2023; Nguyen et al.,
2024; Semlani et al., 2024].

e Plant Threat: 2 out of 5 plant species face extinction
[Antonelli et al., 2020].

e Biodiversity Monitoring: Requires accurate monitoring,
harmonized protocols, and quality data [Kolter &
Gemeinholzer, 2021].

 Metabarcoding Challenges: Issues arise from plant
genomic complexities like hybridization and polyploidy
[Deiner et al., 2017].

e Multimodal Approach: UMMISCO develops a deep
learning model to integrate genomic data and solve
taxonomy Issues.

e« METAPLANTCODE: Focuses on ITS and trnL-P6
barcodes, part of the Biodiversa+ program [Schema 1].
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Schema 1: Structural Overview of ITS and trnL
Regions in Plant DNA Barcoding.
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Deep Learning Framework for Multimodal Integration
of eDNA Data and Biodiversity Knowledge in Metabarcoding.
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5. Our ensemble approach outperformed the other
models, likely due to the distinct error patterns of each
L0 individual model [table 1].
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Figure 1: Comparison of Model Test Accuracies on
156 Plant Species

1.Fluck’s CNN (SOTA) can be outperformed by genomic
foundation models and logistic regression approaches [fig 1].

2.Plant-specific foundation models did not outperform larger, traditional machine learning methods may
more generalized genomic models [fig 1]. struggle to scale effectively.

3.Classical machine learning (SVM) performed well on a limited 2. Scaling will reveal class imbalance issues,
barcoding classification task involving 156 species [table 1].

4.Classic bioinformatics tools like BLAST can be
outperformed by newer methods.[table 1].

1.We need to validate our results across
77,000 plant species, as we anticipate that
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necessitating data augmentation.
3.Benchmark our scaling efforts against newer,

more advanced bioinformatics pipelines. European Biodiversity Partnershio



