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ABSTRACT

The availability of climate data fuels timely science-based climate actions. Pro-
viding policymakers and regulators with easy-to-digest, structured climate data,
e.g., in the form of a knowledge graph, is critical to mitigating the adverse effects
of climate change on the natural environment. Natural language processing (NLP)
applications that employ Named Entity Recognition (NER) systems can aid in un-
covering information hidden in millions of textual documents. In this paper, we
evaluated the NER performance of transformer-based Bidirectional Encoder Rep-
resentations from Transformers (BERT) models that were pre-trained on general-
domain data. We fine-tuned BERT-based models on the COPIOUS dataset for the
specialist task of biodiversity NER. Our experiments showed that our DeBERTa
NER model demonstrated best performance, obtaining a micro-averaged F1-score
of 84.18% based on entity-level evaluation. We employed our DeBERTa NER
model in a biodiversity Information Extraction (IE) pipeline and applied it on the
forestry compendium of the Centre for Agricultural and Biosciences International
(CABI) Digital Library. We demonstrate that the pipeline enables the extraction
of structured information on reproductive conditions and habitats of tree species.

1 INTRODUCTION

The decision-making process for climate action is systematically driven by information resources
that are made available to climate policymakers and regulators. While much of our knowledge and
investments about the natural world are reported and disseminated through scientific literature, this
information is often buried within natural-language text, making it difficult to search, analyze, and
manage compared to structured data, e.g., knowledge bases. Hence, there is a growing need for
Information Extraction (IE) systems that have the capability to uncover information that is other-
wise obscured within millions of scholarly articles. These IE systems can produce easily digestible
data, e.g., knowledge graphs, necessary for timely science-based climate actions administered by
policymakers.

Named Entity Recognition (NER) systems that can extract named entities relevant to the identifi-
cation of species occurrence information (e.g., taxonomic names, geographic locations, temporal
expressions, and habitats) in literature, together with Relation Extraction (RE) systems that iden-
tify semantic relationships between these named entities could form the basis of natural language

1



Published as a workshop paper at ”Tackling Climate Change with Machine Learning”, ICLR 2025

processing (NLP) applications such as the automatic curation of knowledge graphs. Such NLP
applications could potentially provide climate stakeholders easy access to geography-based habi-
tat information and time-specific reproductive conditions of tree species. Visual representations of
this biodiversity data can aid in crafting efficient science-based land restoration and rehabilitation
policies. These are crucial components in mitigating the effects of climate change.

In this paper, we sought to assess the NER performance of Bidirectional Encoder Representations
from Transformer (BERT) models (Devlin et al., 2019) that were pre-trained on massive amounts of
general-domain data, when fine-tuned on a domain-specific corpus. Specifically, we developed NER
models by fine-tuning BERT-base (Devlin et al., 2019), DistilBERT (Sanh et al., 2020), ALBERT
(Lan et al., 2020), RoBERTa (Liu et al., 2019), and DeBERTa (He et al., 2023) on the COPIOUS
dataset (Nguyen et al., 2019), a corpus containing gold standard annotations of named entities rel-
evant for extracting species occurrence information from biodiversity literature. Our results can in-
form biodiversity researchers in deciding whether pre-training language models on domain-specific
data—which can be a costly and resource-intensive—is necessary to develop an NER tool, or if
fine-tuning general-domain models might suffice.

2 RELATED WORK

Most of the work on NER in the biodiversity domain has been focused on the extraction of tax-
onomic names, e.g., GNRD (Vanden Berghe et al., 2015), TaxoNERD (Le Guillarme & Thuiller,
2022) and GNFinder (Thessen et al., 2022). Meanwhile, the work of Nguyen et al. (2019) trained
Conditional Random Field (CRF)–based and Bi-directional Long Short-Term Memory (Bi-LSTM)-
based NER models on the COPIOUS corpus (Nguyen et al., 2019), in order to extract taxonomic
names, geographic locations, temporal expressions, habitats, and person names from text. By far,
COPIOUS is the largest biodiversity corpus with over 26K sentences from 668 documents sampled
from the Biodiversity Heritage Library.1 Importantly, the corpus provides gold standard annotations
for more than 28K entities.

Recently, Abdelmageed et al. (2023) introduced BiodivBERT, a transformers-based language model
that adopted the BERT architecture (Devlin et al., 2019). In their work, a BERT model was pre-
trained on texts from the domain of life sciences, specifically, abstracts and full-text scholarly articles
that were published by Elsevier and Springer. The resulting pre-trained model, BiodivBERT, was
then fine-tuned for the NER task using biodiversity-focused corpora such as COPIOUS (Nguyen
et al., 2019) and BiodivNERE (Abdelmageed et al., 2022), which include named entity (NE) an-
notations. Their experiments, however, showed that the improvement in the NER performance of
BiodivBERT on the COPIOUS corpus is negligible, when compared to the performance of the orig-
inal BERT model that was pre-trained on text drawn from the general domain. In this paper, we aim
to investigate and compare the performance of various BERT-based models that were pre-trained on
general-domain text, when they are fine-tuned for NER in the biodiversity domain.

3 METHODS

BERT transformed the field of NLP by outperforming its predecessors and setting new performance
standards across an array of NLP tasks including NER. In this work, we fine-tuned five types of
BERT models. These are: BERT-base (bert-base-cased) (Devlin et al., 2019); DistilBERT
(distilbert-base-cased) (Sanh et al., 2020); ALBERT (albert-base-v2) (Lan et al.,
2020); RoBERTa (roberta-base) (Liu et al., 2019); and DeBERTa (deberta-v3-base)
(He et al., 2023). All these models are readily available in Huggingface,2 a publicly accessible
repository of models.

The COPIOUS corpus was utilized in fine-tuning each of the above-mentioned BERT-based models.
This corpus was chosen because it is the biggest NE-annotated corpus relevant to species occurrence
information, and the results of the work by Abdelmageed et al. (2023) showed that this is the one
dataset where pre-training a BERT model on domain-specific data, did not lead to any improved per-

1https://www.biodiversitylibrary.org/
2https://huggingface.co/
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Table 1: F1-scores obtained by the BERT-based NER models on the COPIOUS test set. Key: Geo
Loc = Geographic Location; Temp Expr = Temporal Expression.

NE Type DistilBERT ALBERT BERT-base RoBERTa DeBERTa BiodivBERT

Taxon 85.59 83.64 85.72 86.11 87.60 86.81
Geo Loc 85.62 84.16 86.74 87.85 87.58 86.74
Temp Exp 78.11 73.58 81.50 79.58 70.28 82.59
Habitat 69.91 65.70 66.21 68.76 70.93 66.99
Person 64.71 63.24 69.15 65.88 68.08 69.32
OVERALL 82.77 80.67 83.51 83.87 84.18 84.23

formance, thus prompting the question of whether other BERT-based models could perform better,
even when pre-trained on general-domain data only.

In all our experiments,3 we used the same hyperparameter settings employed by Abdelmageed et al.
(2023) in their implementation,4 to make our work comparable with theirs. Batch size was set to 8
for model fine-tuning, and set to 64 for evaluation. The number of epochs was set to 5 for all models.
The number of warmup steps was set to 500, and weight decay was fixed at 0.01. We trained all the
models using an NVIDIA T4 GPU in Google Colaboratory.

The performance of the models were assessed in terms of standard metrics such as precision, recall
and F1-score, measured at the entity level with the help of the seqeval library5. It is worth noting
that this is different from how Abdelmageed et al. (2023) evaluated their models, as they applied the
metrics at the token level (rather than at the entity level). This means that matches between model
predictions and gold standard annotations were counted based on tokens having the same label (e.g.,
B-Taxon, I-Taxon and O if following the IOB token tagging scheme), rather than full spans
having matching boundaries and entity labels (e.g., Taxon). We opted for entity-level evaluation as
it makes for a stricter matching strategy, and is considered to be the de-facto technique for evaluating
models developed for sequence labelling tasks such as part-of-speech tagging, chunking and NER.

4 EVALUATION RESULTS AND DISCUSSION

All the general-domain, pre-trained BERT models described in Section 3 were fine-tuned for the
biodiversity NER task using the training subset of the COPIOUS corpus. Table 1 presents the results
of evaluating the fine-tuned models on the test subset of COPIOUS. Additionally, we provide the
results of fine-tuning BiodivBERT, the BERT-based model pre-trained on life science documents,
that was developed by Abdelmageed et al. (2023), to allow us to compare the performance of the
general-domain models with that of a model pre-trained on biodiversity-relevant data. For brevity,
we provide the F1-score obtained by each model for each NE type, and report overall performance in
terms of micro-averaged F1-score. For more detailed results, i.e., the precision and recall obtained
by each model, we refer the reader to Table 2 in the Appendix.

Lightweight versions of BERT, i.e., DistilBERT and ALBERT, obtained F1-scores that are lower
than that of the original, BERT-base. This holds true for every NE type (except for the Habitat
type, where DistilBERT performed better than BERT-base), as well as in terms of overall perfor-
mance. RoBERTa, meanwhile, obtained an overall F1-score that is only marginally higher than
BERT-base (i.e., with an improvement of 0.36). DeBERTa produced the best overall performance
among the models that we fine-tuned, with a micro-averaged F1-score of 84.18. That both RoBERTa
and DeBERTa outperformed BERT-base overall is not surprising, given that the two are improved
versions of the original BERT model, with enhancements incorporated into the architecture and
pre-training process.

In contrast to BERT-base which was pre-trained on 16GB of text from the English Wikipedia and the
Google Books corpus, RoBERTa and DeBERTa were pre-trained on a much bigger amount of text
(160GB), including additional data from OpenWebText, Stories, and the CC-News corpora. The data

3Code publicly available at https://github.com/BiodivNER/BiodivNERModels
4https://github.com/fusion-jena/BiodivBERT
5https://github.com/chakki-works/seqeval
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used to pre-train RoBERTa and DeBERTa is thus 10-fold bigger in size, which likely contributed to
the increased F1-scores of both models over BERT-base on Taxon (+0.39 and +1.88), Geographic
Location (+0.84 and +1.11), and Habitat (+2.55 and +4.72) entities.

One can observe that BERT-base yields the highest F1-scores for entity types that are generic (i.e.,
those that very frequently appear even in general-domain documents), namely, Temporal Expression
and Person. Presumably, the additional documents from the OpenWebText, Stories and CC-News
corpora did not improve the model’s vocabulary with respect to person names. Meanwhile, tokens
pertaining to temporal expressions are relatively limited, as references to time and dates (e.g., ‘last
year’, ‘June 1950’) tend to come from a constrained vocabulary. Thus, increasing the data for pre-
training did not help in broadening the other models’ ability to detect temporal expressions. It is
worth noting that DistilBERT is the second best model for the Temporal Expression and Habitat
types. Despite its down-scaled size, DistilBERT can outperform larger-sized models on some of the
named entity types.

Looking at the rightmost column of Table 1, one can find the results of fine-tuning and evaluating
BiodivBERT. We note that, although BiodivBERT was fine-tuned in exactly the same manner as Ab-
delmageed et al. (2023) did, the values of the performance metrics are different from those that they
reported due to the fact that we employed entity-level rather than token-level evaluation (as explained
in Section 3). In terms of overall performance, BiodivBERT is superior with a micro-averaged F1-
score of 84.23%. However, the overall performance of DeBERTa is very close at 84.18%, which
is impressive considering that this model was not pre-trained on domain-specific data. Even more
impressive is the fact that DeBERTa’s performance on the biodiversity-relevant NE types, Taxon
and Habitat, is better than that of BiodivBERT (87.60% vs 86.81% for Taxon; 70.93% vs 66.99%
for Habitat). Based on its superior performance on these biodiversity-specific NE types, DeBERTa
was chosen as the optimal biodiversity NER model and was thus selected for integration into an IE
pipeline for knowledge graph curation.

5 CURATION OF ENVIRONMENT-RELATED KNOWLEDGE GRAPHS

A popular application of NER is the extraction of fine-grained information from text, that can then
be leveraged to populate or curate structured databases. In this vein, we set out to explore the extent
to which an IE pipeline underpinned by NER and relation extraction (RE) can curate a biodiversity-
focused database, based on information buried within textual descriptions of various tree species
in the Centre for Agricultural and Biosciences International (CABI) Digital Library.6 Specifically,
we integrated our best performing NER model into the pipeline, and applied an existing RE model
(Gabud et al., 2023a) to extract information on the habitats and reproductive conditions of species
in the CABI Library forestry compendium. This can potentially enable data-driven discovery of tree
species’ reproductive patterns and habitats.

Taking a corpus of CABI textual descriptions, our pipeline: (1) applies NER to extract mentions of
geographic locations, habitats and temporal expressions; (2) applies RE to identify related habitats
and geographic locations (i.e., habitat-geographic location relations) and related reproductive con-
ditions and temporal expressions (i.e., reproductive condition-temporal expression relations); and
(3) populates a graph database to store the related entities, to allow for querying and visualization.
Further details are provided below.

5.1 THE CABI CORPUS

The forestry compendium7 of the CABI Digital Library contains information on tree species that are
found worldwide. This information is organized in the form of datasheets, whereby each datasheet
contains verbose text describing a particular species in detail. In a datasheet, the following informa-
tion on a species is typically included: morphological description, importance, distribution, growth,
reproduction, phenology, habitat, and ecology. We selected 323 open-access datasheets on tree
species to form our corpus. The documents were pre-processed using the Natural Language Toolkit
(NLTK),8 to split up paragraphs into individual sentences.

6https://www.cabidigitallibrary.org/
7https://www.cabidigitallibrary.org/product/QF
8https://www.nltk.org/api/nltk.tokenize.html
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5.2 NAMED ENTITY RECOGNITION

Utilizing our fine-tuned DeBERTa NER model (described in Section 3), we extracted names of
geographic locations, temporal expressions and mentions of habitats. Additionally, we sought to
extract expressions pertaining to the reproductive condition of a species, which serve as indicators
of its reproductive behaviour. We observed that such expressions, e.g., “fruited heavily”, “mass
flowering”, typically include certain verbs or nouns of a limited range. Thus, we implemented a
simple dictionary-based NER method to capture such expressions.

5.3 RELATION EXTRACTION

We sought to identify tree species’ reproductive conditions and their related temporal expressions,
and habitats and their related geographic locations. Specifically, we applied RE on the named en-
tities extracted by NER in the previous step and the sentences that contain them, in order to ex-
tract two types of relations: “reproductive condition has time temporal expression” and “habitat
has location geographic location” relations. We employed our (previously reported) RE ap-
proach, that is a hybrid of rule-based and transformer-based methods Gabud et al. (2023b). Firstly,
it makes use of regular expressions to identify related entities based on the syntax of the sentence in
which they appear. Entity pairs that were predicted as unrelated are then presented to a transformers-
based natural language inference (NLI) model, to detect any relations between the entities based on
the semantics of the sentence.

5.4 GRAPH DATABASE CURATION

We applied the IE pipeline on the CABI corpus and extracted habitat-geographic location pairs,
and reproductive condition-temporal expression pairs from every sentence. We stored the entities
and relationships that were extracted by our IE pipeline in a knowledge graph using the Neo4j
framework.9 Neo4j facilitates the straightforward representation of entities as nodes and the relations
between them as edges of a graph.

Our approach is a step towards creating intuitive visualizations of environment-related information
sourced from unstructured text. Figure 1 in the Appendix shows the results of an example query
aimed at retrieving species that were found in habitats located in Australia. Ultimately, the knowl-
edge graph can support timely, science-driven decision-making by policymakers and regulators,
helping to inform climate actions aimed at mitigating global climate change.

6 CONCLUSION

We demonstrated that general-domain, enhanced variants of the original BERT language model that
were fine-tuned for the NER task on the COPIOUS corpus obtained performance that is comparable
and competitive with that obtained by a BERT model pre-trained on domain-specific data. When
integrated into an IE pipeline, our best performing NER model was able to facilitate the curation
of a knowledge graph. This allows the retrieval and visualization of fine-grained information on
tree species, which otherwise would have remained buried within natural-language descriptions. As
part of our future work, larger versions of general-domain language models will be investigated and
fine-tuned to evaluate the extent to which they can improve biodiversity NER performance.
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Nora Abdelmageed, Felicitas Löffler, and Birgitta König-Ries. BiodivBERT: a Pre-Trained Lan-
guage Model for the Biodiversity Domain. In Atsuko Yamaguchi, Andrea Splendiani, M. Scott

9https://neo4j.com/

5

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9836593/
https://neo4j.com/


Published as a workshop paper at ”Tackling Climate Change with Machine Learning”, ICLR 2025

Marshall, Chris Baker, Jerven T. Bolleman, Albert Burger, Leyla Jael Castro, Ole Eigenbrod,
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A APPENDIX

Table 2: Precision and recall (P/R) obtained by the BERT-based NER models on the COPIOUS test
set. Key: Geo Loc = Geographic Location; Temp Expr = Temporal Expression.

NE Type DistilBERT ALBERT BERT-base RoBERTa DeBERTa BiodivBERT

Taxon 86.90/84.33 83.15/83.11 86.55/84.90 86.25/85.97 87.98/87.23 86.91/86.71
Geo Loc 83.63/87.71 84.74/86.54 84.57/89.04 84.46/91.52 85.44/89.82 84.98/88.57
Temp Expr 78.71/77.53 71.37/65.90 81.34/81.65 78.20/81.00 68.86/71.76 81.68/83.52
Habitat 68.33/71.56 65.26/67.80 64.29/68.25 67.70/69.86 70.52/71.35 68.65/65.40
Person 71.63/59.00 73.09/57.71 72.73/65.90 69.53/62.60 72.60/64.09 72.20/66.67
OVERALL 83.53/82.02 81.40/79.95 83.60/83.43 83.13/84.63 84.11/84.25 84.13/84.33

Figure 1: Results obtained by an example query (to retrieve species that were found in habitats
located in Australia) that was run on the populated knowledge graph implemented using Neo4j.
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