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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 the  literature  is time-consuming  and  difficult to  scale. Here, we

present a pilot workflow that automates the classification of fungal trophic modes using

BioBERT, a transformer-based language model applied to biomedical research papers.

A  curated  dataset  of  56  fungal  ecology  abstracts  was  manually  labeled  as  dual

(occupying multiple trophic modes) or solo (restricted to one mode) and used to fine-tune

BioBERT for  binary  classification.  The  model  achieved  86%  accuracy  with  balanced

precision and recall, demonstrating that machine learning can replicate literature-based

trait assignments. This pilot study emphasizes reproducibility, transparency, and  open

data  integration,  offering  a  proof-of-concept  for  linking  literature-derived  ecological

information  to  existing  fungal  trait databases such  as FUNGuild  and  FungalTraits. All

code, data, and  trained  models 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 specialized to a single mode (Martin and Tan
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2025).  Understanding  this  trophic  versatility  is  critical  for  biodiversity  assessments,

ecosystem  modeling,  and  agricultural  applications  where  a  fungus’s  ecological  role

affects plant performance.

Trait databases such as FUNGuild (Nguyen et al. 2016) and FungalTraits (Põlme 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 et al. 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 toward more consistent, interoperable fungal functional data.

Materials and Methods

Dataset Curation

Fungal  research  abstracts  were  compiled  from the  Web  of  Science  Core  Collection,

focusing on taxa with well-documented ecological roles. Abstracts were manually labeled

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  statements  were  excluded.  The  final  dataset

contained 56 abstracts (28 dual, 28 solo).

Preprocessing and Model Training

Abstracts were cleaned and tokenized using BioBERT’s tokenizer (maximum sequence

length: 512  tokens). The  dataset was split into  training  (34  abstracts)  and  testing  (22

abstracts) sets using stratified sampling.
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BioBERT v1.1  (`monologg/biobert_v1.1_pubmed`) was fine-tuned  for binary sequence

classification  using  the  Hugging  Face  Transformers library (v4.56.1) in  Python  3.9.23.

Training was executed in a Conda virtual environment on a Windows 11 system with a

12th  Gen  Intel  Core  i7-1255U processor and  Intel  Iris  Xe  Graphics. Since  no  CUDA-

compatible GPU was available, training ran on CPU and completed within typical time for

small fine-tuning tasks (<1 hour).

Hyperparameters: learning  rate  = 5  × 10⁻⁵, batch  size  = 8, epochs = 10, optimizer =

AdamW (PyTorch v2.8.0). Model evaluation metrics (accuracy, precision, recall, F1-score)

were calculated using scikit-learn v1.6.1.

Evaluation

Performance was evaluated on the held-out test set. Accuracy, precision, recall, and F1-

score were computed, and a confusion matrix was generated to visualize classification

performance  (Fig. 1). Training  and  validation  curves were  inspected  for  convergence

(Fig. 2).

Code and Reproducibility

All  code, data, and trained models are openly available via: Zenodo and GitHub (Bock

2025).  

The repository and Zenodo 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

Dataset Characteristics

The dataset was balanced between dual and solo classes. Abstract lengths ranged from

150–500 words (mean 360). The training set contained 34 abstracts (18 dual, 16 solo),

and the test set contained 22 (10 dual, 12 solo).

Model Performance

BioBERT fine-tuning converged smoothly without overfitting. Classification metrics on the

test set are summarized in Table 1. The confusion matrix (Fig. 1) and training curves (Fig.

2) indicate consistent model learning and balanced class performance.
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Discussion

This pilot study demonstrates that transformer-based NLP models can extract ecological

information embedded in scientific text. Even with a small dataset, BioBERT reproduced

literature-based  assignments  of  fungal  trophic  modes  with  balanced  performance,

indicating that pretrained biomedical models can generalize to ecological contexts.

Recent advances in domain-specific NLP illustrate the potential for scaling and refining

workflows like  this one. BiodivBERT (Anonymous 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.

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.  This  principle  aligns  with  recent  biodiversity-

oriented  efforts  and  indicates  that  fully  domain-trained  ecological  transformers  could

outperform models like BioBERT when trained on ecology-specific corpora.

In this context, the workflow presented here provides a complementary proof-of-concept

for  trait-oriented  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

4

Author-formatted, not peer-reviewed document posted on 03/11/2025. DOI:  

https://doi.org/10.3897/arphapreprints.e176591



scaled, this approach may support more dynamic updating and cross-validation of trait

resources such as FUNGuild and FungalTraits.

Limitations of this pilot include the small sample size, binary simplification, and manual

label  subjectivity.  These  constraints  are  deliberate  at  this  stage.  Future  work  should

expand  dataset  scope,  adopt  multi-label  classification  for  ecological  gradients,  and

explore integration with environmental metadata or genomic predictors for more context-

aware prediction.
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Figure 1. 

Confusion matrix of BioBERT predictions on the test set showing true versus predicted trophic

mode labels (dual vs. solo). 
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Figure 2. 

Training curves showing training loss, validation loss, and validation accuracy over 10 epochs. 
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Metric Value Note 

Accuracy 86.4% Fraction of correctly predicted labels

Precision 86.8% Positive predictive value across classes

Recall 85.8% True positive rate across classes

F1-Score 86.1% Harmonic mean of precision and recall

Table 1. 

BioBERT classification performance on fungal trophic modes.
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