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Abstract

Fungi exhibit diverse trophic strategies, ranging from obligate symbiosis to saprotrophy,
with some taxa capable of occupying multiple ecological roles. Manually identifying
trophic versatility from literature is time-consuming and difficult to scale. Here, we present
a pilot workflow that automates the classification of fungal trophic modes using
transformer-based language models. A curated dataset of 56 fungal ecology abstracts
was manually labelled as dual (occupying multiple trophic modes) or solo (restricted to
one mode) and used to fine-tune four models: BioBERT, BERT-base-cased, BERT-base-
uncased and BiodivBERT. Stratified 5-fold cross-validation revealed that BioBERT and
BERT-base-cased performed equally well (~ 89% accuracy, balanced precision and
recall), highlighting the importance of case sensitivity in taxonomic text. BiodivBERT and
uncased BERT models underperformed, indicating that domain adaptation alone is not
sufficient. This pilot study emphasises reproducibility, transparency and open data
integration, offering a generalisable proof-of-concept for linking literature-derived
ecological information to existing fungal trait databasessuch as FUNGuild and
FungalTraits. All code and data are openly available to support reuse and scaling to
larger datasets.
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Introduction

Fungi play essential roles in ecosystems as decomposers, pathogens and symbionts,
and many taxa exhibit flexibility across these trophic modes (Berbee et al. 2017). Some
species occupy multiple ecological strategies depending on host identity or
environmental context, while others remain specialised to a single mode (Martin and Tan
2025). Understanding this trophic versatility is critical for biodiversity assessments,
ecosystem modelling and agricultural applications where a fungus’ ecological role affects
plant performance.

Trait databases, such as FUNGuild (Nguyen et al. 2016) and FungalTraits (PdIme et al.
2021), have advanced fungal functional annotation at scale, but manual literature
extraction remains a bottleneck. Human-curated classifications are time-intensive,
subjective and limited by the accessibility of trait-relevant language in publications.
Moreover, trait databases are valuable but can be limited in applicability, as annotations
are often performed at the genus or family level despite often substantial interspecific
variability (Violle etal. 2015).

Natural language processing (NLP) offers a scalable way to extract trait-relevant
information directly from text. Transformer-based models, such as BioBERT, pretrained
on large biomedical corpora, excel at contextual understanding and have achieved state-
of-the-art results in various text classification tasks (Lee et al. 2019). However, their use in
fungal ecology and trait data integration remains largely unexplored.

This pilot study tests the feasibility of fine-tuning BioBERT to classify fungal trophic modes
from abstracts. The workflow is designed for transparency and future scaling, providing a
reproducible pipeline that can complement or benchmark existing trait databases. By
linking automated text classification with open trait resources, this work demonstrates a
path towards more consistent, interoperable fungal functional data.

Related Work

Recent advances in domain-specific NLP illustrate the potential for scaling and refining
workflows like this one. BiodivBERT (Abdelmageed et al. 2023) represents the first
pretrained language model tailored specifically for biodiversity research, achieving
significant gains in named entity recognition and relation extraction. Its development from
life-sciences corpora highlights how domain adaptation can substantially improve the
precision and recall of ecological information retrieval. Similarly, Cornelius et al. (2025)
demonstrated a machine-learning framework for extracting arthropod organismal traits,
translating unstructured text into a machine-actionable database (ArTraDB). Their
approach shows how targeted trait extraction can efficiently transform literature into
structured ecological data.
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Parallel work in plant functional ecology supports the broader utility of transformer-based
extraction for trait data. Domazetoski et al. (2025) developed a natural language pipeline
that automatically identifies both categorical and numerical plant traits from unstructured
descriptions with high precision and recall. This scalability across morphological, life
history and functional trait types underscores the potential to adapt such methods to
fungal traits, where similar data gaps persist.

Beyond ecological trait extraction, innovations in model architecture and pretraining
further extend applicability. BioT5 (Pei et al. 2023) introduced cross-modal pretraining to
connect textual and molecular data using chemically informed representations, an
approach that could eventually allow integration of genomic or metabolomic predictors
into ecological models. ModernBERT (Warner et al. 2025) provides a computationally
efficient encoder capable of handling long-context inputs, which is particularly relevant
for large-scale biodiversity corpora. Together, these efforts suggest practical pathways to
scale fungal trait text mining beyond small datasets, while maintaining interpretability and
reproducibility. Foundational work by Gu et al. (2021) also reinforces the importance of
domain-specific pretraining, demonstrating that models trained entirely within a target
domain outperform general-domain models adapted later.

Materials and Methods

Dataset Curation

Fig. 1 shows the overall pipeline from data collection to evaluation. Fungal research
abstracts were retrieved from the Web of Science Core Collection on 11 September 2025,
using two Boolean search queries designed to capture fungi with distinct lifestyle
classifications. For solo (single trophic mode) examples, we searched: '("obligate
mycorrhizal" OR "strictly endophytic" OR "exclusive saprotroph”) AND fungus' (119
results). For dual (multiple trophic mode) examples, we searched: '("dual lifestyle" OR
"facultative lifestyle" OR "dual trophic mode" OR "lifestyle switching" OR "endophyte-
saprotroph" OR "plant-associated saprotroph") AND fungi' (70 results).

From these 189 candidate articles, abstracts were manually reviewed by a single labeller
(BMB) and 56 were selected, based on: (1) unambiguous description of trophic mode in
the abstract text; (2) English language and (3) no duplicates between searches. Abstracts
were labelled as:

Dual: taxa reported to occupy more than one trophic mode (e.g. facultative pathogens
that also decompose organic matter);

Solo: taxa restricted to a single trophic mode (e.g. obligate symbionts or strict
saprotrophs).

Ambiguous abstracts without explicit trophic mode statements were excluded. The final
dataset contained 56 abstracts (28 dual, 28 solo). The dataset was balanced between
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dual and solo classes, with abstract lengths ranging from 150-500 words (mean 360). A
supplementary file listing the permissible trophic mode labels and their definitions is
available in the repository (datasets/trophic_mode_labels.md).

Preprocessing and Model Training

Abstracts were cleaned and tokenised using model-specific tokenisers (maximum
sequence length: 512 tokens). Token length analysis revealed that three of 56 abstracts
(5.4%) exceeded this limit and were truncated, though truncation occurred at the end of
abstracts where contextual information for classification is typically less concentrated.

We compared four transformer-based language models to assess the impact of domain-
specific pretraining and case sensitivity: (1) BERT-base-uncased ('google-bert/bert-base-
uncased'; Devlin et al. (2018)), (2) BERT-base-cased (‘google-bert/bert-base-cased’), (3)
BioBERT v.1.1 ('monologg/biobert_v.1.1_pubmed', biomedical domain-adapted; Lee et
al. (2019)) and (4) BiodivBERT ('NoYo25/BiodivBERT"', biodiversity domain-adapted;
Abdelmageed et al. (2023)). All models were fine-tuned for binary sequence
classification using the Hugging Face Transformers library (v.4.40.0; Wolf (2020))in
Python 3.9 (Python Software Foundation 2020).

To maximise statistical robustness with the small dataset, we employed stratified 5-fold
cross-validation on all 56 abstracts rather than a single train-test split. This approach
ensures that each abstract is used once for validation while maintaining class balance
across folds (seed = 42 for reproducibility). Models were trained using identical
hyperparameters: learning rate = 5 x 1075, batch size = 8, maximum epochs = 20 with
early stopping (patience = 3 epochs), dropout = 0.2, optimiser = AdamW with class-
weighted loss to account for any fold-level imbalances (PyTorch v.2.0.1; Paszke et al.
(2019)). Training was executed on NAU's Monsoon HPC cluster using Tesla K80 GPUs
with CUDA 11.4.

Evaluation

Performance was evaluated across all five folds for each model. For each fold, accuracy,
precision, recall and F1-score were computed using scikit-learn v.1.4.2 (Pedregosa et al.
2011) and results were aggregated as mean +* standard deviation. Precision, recall and
F1-score are reported as macro averages (unweighted mean across both classes), which
treats solo and dual classes equally and is appropriate for balanced binary classification.

Comparative visualisations include: (1) model performance bar charts with error bars
representing cross-fold variation (Fig. 2); (2) aggregated confusion matrices for BioBERT
showing cumulative predictions across all folds (Fig. 3) and (3) training time comparison
across models (Fig. 4). Error analysis identified abstracts misclassified by multiple
models, highlighting particularly ambiguous cases (results/error_analysis.csv).
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Code and Reproducibility

All code and data are openly available via: Zenodo and GitHub (Bock 2026).

The repositories include scripts for dataset curation, model fine-tuning and evaluation,
along with example outputs and documentation to facilitate reuse or adaptation for other
trait-related classification tasks.

Results

Model Performance

We compared four transformer-based language models using stratified 5-fold cross-
validation on all 56 abstracts: (1) BERT-base-uncased; (2) BERT-base-cased; (3)
BioBERT v.1.1 (biomedical domain-adapted) and (4) BiodivBERT (biodiversity domain-
adapted). All models were trained with identical hyperparameters (20 epochs maximum
with early stopping, learning rate 5e-5, batch size 8, dropout 0.2).

BioBERT achieved the highest overall performance (F1 = 0.892 + 0.120, Accuracy =
0.894 + 0.116), marginally outperforming BERT-base-cased (F1 = 0.892 * 0.100,
Accuracy = 0.892 + 0.100). Case sensitivity proved critical: cased models substantially
outperformed their uncased counterparts (BERT-base-uncased: F1 = 0.700 + 0.241,
Accuracy = 0.749 % 0.177), likely because taxonomic nomenclature capitalisation
provides important classification signals. Surprisingly, BiodivBERT underperformed (F1 =
0.747 + 0.198, Accuracy = 0.771 + 0.166) despite its biodiversity-specific pre-training,
suggesting that domain alignment alone does not guarantee superior performance on
specialised classification tasks.

Classification metrics for BioBERT are summarised in Table 1. Results are reported as
mean * standard deviation across five folds. Comparative model performance (Fig. 2)
demonstrates that cased models substantially outperform uncased variants, while
BioBERT and BERT-cased achieve statistically equivalent results. The aggregated
confusion matrices (Fig. 3) shows balanced performance across both classes for
BioBERT and BERT-cased. Training efficiency varied substantially (Fig. 4), with BioBERT
and BERT-cased completing training in ~ 10-11 minutes while BiodivBERT and BERT-
uncased required ~ 35 minutes, likely due to differences in tokenisation efficiency and
convergence patterns.

Discussion

This pilot study demonstrates that transformer-based NLP models can extract ecological
information embedded in scientific text. With a small but carefully curated dataset,
BioBERT and BERT-base-cased achieved ~ 89% accuracy in classifying fungal trophic
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modes, indicating that pretrained language models, whether biomedical or general-
purpose, can generalise to ecological contexts with minimal fine-tuning.

The comparative model analysis revealed three important insights. First, BioBERT's
marginal advantage over BERT-base-cased suggests that biomedical domain adaptation
provides limited benefit for this specific task, possibly because fungal ecology vocabulary
differs substantially from clinical biomedical text. Second, case sensitivity proved critical:
models trained on cased text outperformed uncased variants by ~ 15 percentage points,
likely because taxonomic nomenclature capitalisation (e.g. *Fusarium* vs. *fusarium®)
carries important classification signals. Third, BiodivBERT's underperformance, despite
biodiversity-specific pre-training, indicates that domain alignment alone does not
guarantee superior performance; the pre-training corpus must closely match the
downstream task domain.

The workflow presented here provides a proof-of-concept for trait-orientated text mining
in fungi. Discrepancies between automated and curated classifications can highlight
ambiguous or conflicting entries, which is particularly important given the known
limitations in trait data provenance (Violle et al. 2015). When scaled, this approach may
support more dynamic updating and cross-validation of trait resources such as FUNGuild
and FungalTraits.

Error analysis across all models (figures/error_analysis.csv) reveals that 39 total
misclassifications occurred across 280 predictions (4 models x 5 folds x 56/5 samples
per fold). Seven abstracts were misclassified by at least two models, suggesting inherent
ambiguity in how trophic modes are described in these cases. For example, abstracts
describing endophytes with both plant-beneficial and saprotrophic capabilities proved
challenging for all models, likely because the text emphasises ecological context over
explicit trophic mode labels. These consistently problematic cases highlight where
human curation remains essential and where future annotation guidelines could improve
clarity. Improving model learning, such as by increasing the dataset size, refining
annotation or using more advanced models, may also help resolve these ambiguous
cases in future work.

Limitations

This pilot study has several deliberate constraints. The small sample size (56 abstracts)
limits statistical power and generalisability, though stratified cross-validation helps
mitigate overfiting concerns. The binary simplification (solo vs. dual) reduces the rich
spectrum of fungal trophic strategies to a coarse categorisation; real ecological roles
often exist along gradients rather than discrete classes. Manual label subjectivity by a
single labeller may introduce bias, though this was mitigated by conservative inclusion
criteria requiring explicit trophic mode statements.

Future Work

Several directions could extend this pilotinto a more comprehensive tool:
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1. Expanding dataset scope: Increasing the corpus to hundreds or thousands of abstracts
would improve model robustness and allow detection of rarer trophic patterns. This could
include full-text articles rather than abstracts alone and taxa beyond fungi to establish
cross-kingdom applicability;

2. Multi-label classification for ecological gradients: Rather than binary solo/dual
classification, future models could predict specific trophic modes (e.g. saprotroph,
symbiont, pathogen, endophyte) as non-exclusive labels. This would capture the
continuous nature of ecological roles and better reflect biological reality where taxa may
simultaneously occupy multiple niches;

3. Integration with environmental metadata: Linking text-derived traits with geographic,
climatic or substrate data could enable context-aware predictions; for example, predicting
how a taxon's trophic mode might shift under different environmental conditions;

4. Genomic and metabolomic predictors: Combining textual information with molecular
data (e.g. gene content, secondary metabolite profiles) could improve prediction
accuracy and provide mechanistic insights into trophic flexibility;

5. Domain-specific pretraining: Training a BERT-style model from scratch on ecological
and mycological corpora (following the BiodivBERT approach) could yield better
performance than adapting biomedical models.

Conclusions

This pilot study demonstrates that transformer-based NLP can successfully extract fungal
trophic mode information from scientific abstracts. BioBERT and BERT-cased achieved ~
89% accuracy in classifying abstracts as describing single or multiple trophic modes,
validating the feasibility of automated trait extraction for fungal ecology. The key
contributions of this work are:

1. Proof-of-concept: Pretrained biomedical language models can generalise to ecological
classification tasks with minimal fine-tuning;

2. Reproducible workflow: All code and data are openly available, enabling replication
and extension by other researchers;

3. Trait database integration: The approach complements existing resources like
FUNGuild and FungalTraits by providing a scalable method to flag taxa with lifestyle
plasticity. As fungal trait databases continue to grow in importance for biodiversity
assessments and ecosystem modelling, automated text mining offers a path towards
more efficient, consistent and comprehensive trait annotation. This workflow provides a
foundation for scaling to larger datasets and more nuanced ecological classifications.
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MODEL TRAINING

Hyperparameters:
BERT-base-uncased LR SeS, batch 8, max 20

BIOBERT V1.1 Earlystopping.
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Figure 1.

Workflow diagram of the classification pipeline. The diagram summarises the full end-to-end
process: literature search (Web of Science queries), manual curation (56 labelled abstracts),
preprocessing (text cleaning, tokenisation with truncation at 512 tokens and token-length QC),
stratified 5-fold cross-validation, model fine-tuning across four models (BERT-base-uncased,
BERT-base-cased, BioBERT v.1.1, BiodivBERT) with standardised hyperparameters,
evaluation (metrics, confusion matrices, learning curves) and outputs (fine-tuned models,
predictions).
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Model Comparison: 5-Fold Cross-Validation Results
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Figure 2.

Comparative model performance across four transformer-based architectures. Bar charts
show mean classification metrics (accuracy, precision, recall, F1-score) + standard deviation
from stratified 5-fold cross-validation (n = 56 abstracts). BioBERT (biomedical domain-
adapted) and BERT-base-cased achieved statistically equivalent performance (~ 89%
accuracy), substantially outperforming BERT-base-uncased (~ 75%) and BiodivBERT (~ 77%).
Case sensitivity proved critical, with cased models outperforming uncased by ~ 15 percentage
points. Metrics are calculated as macro averages (unweighted mean across dual and solo
classes).
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Figure 3.

Aggregated confusion matrices for all four models (BioBERT, BERT-base-cased, BERT-base-
uncased, BiodivBERT) across all five folds (total 56 predictions per model). Each matrix shows
true labels (Solo = single trophic mode, Dual = multiple trophic modes) versus predicted labels,
allowing direct comparison of error patterns and class balance for each model. BioBERT and
BERT-base-cased show balanced performance, while uncased and BiodivBERT models
display more misclassifications. Colour intensity indicates prediction frequency; diagonal cells
represent correct predictions.
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Training Time per Model (5-Fold CV)

biodivbert 35.3 min

10.3 min

bert-base-cased 11.1 min

bert-base-uncased 35.3 min
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Figure 4.

Training time comparison across models. BioBERT and BERT-base-cased completed 5-fold
cross-validation training in ~ 10-11 minutes, while BiodivBERT and BERT-base-uncased
required ~ 35 minutes. Differences likely reflect tokenisation efficiency and convergence
patterns rather than model size (all models have ~ 110M parameters). Faster convergence in
cased models correlates with higher classification accuracy, suggesting that case-preserving
tokenisation provides stronger learning signals for this taxonomic text classification task.
Training performed on NAU Monsoon HPC cluster (Tesla K80 GPU, CUDA 11.4).
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Table 1.

BioBERT classification performance on fungal trophic modes (5-fold CV). Precision, recall and F1-
score are reported as macro averages (unweighted mean across both classes), which is
appropriate for balanced binary classification and treats both classes equally regardless of support.

Metric Value Note

Accuracy 89.4% + 11.6% Fraction of correctly predicted labels

Precision 89.9% + 11.5% Positive predictive value (macro average)

Recall 88.8% + 12.4% True positive rate (macro average)

F1-Score 89.2% + 12.0% Harmonic mean of precision and recall (macro average)
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