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Abstract
Premise: Plant morphological traits, their observable characteristics, are fundamental
to understanding the role played by each species within its ecosystem; however,
compiling trait information for even a moderate number of species is a demanding
task that may take experts years to accomplish. At the same time, online species
descriptions contain massive amounts of information about morphological traits, but
the lack of structure makes this source of data impossible to use at scale.
Methods: To overcome this, we propose to leverage recent advances in large language
models and devise a mechanism for gathering and processing plant trait information
in the form of unstructured textual descriptions, without manual curation.
Results: We evaluate our approach by automatically replicating three manually created
species–trait matrices. Our method found values for over half of all species–trait pairs,
with an F1 score of over 75%.
Discussion: Our results suggest that large‐scale creation of structured trait databases
from unstructured online text is now feasible due to the information extraction
capabilities of large language models. However, the process is currently limited by the
availability of textual descriptions that cover all traits of interest.
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Traits are observable characteristics of organisms that can
be used to answer a variety of questions about their ecology,
evolution, and even usefulness to humans. Morphological
traits (i.e., those that correspond to the physical appearance
of the organisms, such as the number and color of flower
petals, the size and shape of the fruits, or the leaf arrange-
ment), in particular, are the main cues that humans have
been using for centuries to identify species. However, the
sheer number of known species, the variety of morpholog-
ical traits, and the complexity of trait‐based descriptions
make it extremely challenging to design a comprehensive
framework for trait‐based descriptions that would be suit-
able across taxonomic groups. To address these challenges,

recent efforts have advocated for a standard vocabulary to
make trait databases cross‐compatible (Schneider
et al., 2019) and an open science initiative to leverage the
collective efforts of the community (Gallagher et al., 2020).
Nonetheless, this complexity has resulted in most existing
trait databases being limited in either geographic (Falster
et al., 2021) or taxonomic scope (Kissling et al., 2019).
Moreover, large community efforts such as TRY (Kattge
et al., 2011), the Botanical Information and Ecology
Network (BIEN) database (Maitner et al., 2018), or
TraitBank (Caldwell and Hart, 2014), which aim at covering
all plant species, are far from being comprehensive or rep-
resentative (Kattge et al., 2020), despite having amassed
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millions of contributed trait measurements. For instance, in
TRY version 6, the 30 species with the highest number of traits
are from Western Europe (27 species) and North America
(three species), showcasing a common imbalance in which
relatively less data is available for species from biodiverse
tropical regions. On the other hand, over 80% of plant species
in TRY have 10 traits or fewer (Kattge et al., 2020).

At the same time, taxonomists have been carefully cat-
egorizing and describing traits for the purpose of species
identification since the dawn of taxonomy and, more
recently, using them for this task with modern machine
learning approaches (Almeida et al., 2020). Many of these
trait‐based descriptions, capturing a vast expertise in dif-
ferent languages and with varying vocabularies, along with
large amounts of trait data, can now be found online in the
form of textual descriptions. However, these data do not
come in a structured, ready‐to‐process format, and thus a
thorough and laborious curation process is needed to render
the data usable (Endara et al., 2018; Folk et al., 2023). For
instance, using a partially automated workflow on up to
25,000 Australian taxa, Coleman et al. (2023) estimated that
between eight and 23 hours of manual work are required
per trait, with most of the time being required for manual
verification. Domazetoski et al. (2023) aimed at reducing the
reliance on manual labor by training a natural language
processing (NLP) model to output the trait values for a
limited number of traits (those the model has been trained
on) when provided with a textual description. This process
supersedes the need for manual work with the need for
structured trait information for training, which explains
why the authors limited the approach to eight traits.

In this work, we explore the potential of leveraging these
morphological descriptions, in the form of text, for filling in
gaps in structured trait databases. We posit that recent ad-
vances in NLP models, and particularly large language models
(LLMs), bring us closer to exploiting this knowledge in an
automated manner. LLMs have been shown to behave as
remarkable zero‐shot learners (Kojima et al., 2022); this means
that they can be leveraged to solve tasks without a single
training example via the use of textual instructions in natural
language. Among these tasks, LLMs have been shown to excel
at the extraction of structured information from text (Wei
et al., 2023). To this end, we investigate the feasibility of a
workflow that, given the names of the species of interest, along
with the traits and possible trait values being considered, fills
in a species–trait matrix using web crawling and LLMs. This is
in contrast to related approaches for plant trait extraction,
which require manual input for either post‐processing (Endara
et al., 2018; Coleman et al., 2023; Folk et al., 2023) or preparing
a training set (Domazetoski et al., 2023).

METHODS

We propose a novel framework that requires only three inputs:
(i) a list of species of interest, (ii) a list of categorical traits of
interest, and (iii) a list (for each trait) with all the possible

values that trait is allowed to take. The selected traits should
correspond to those typically used in plant species descriptions.
The output is a species–trait table that indicates, for each
species, which trait values pertain to it. Specifically, the
workflow (see Figure 1) can be divided into the following steps:

Textual data harvesting: A search engine API is used to
retrieve URLs that are relevant to the species name
and downloads the text content therein.

Description detection: To filter out irrelevant text, a
binary classification NLP model is used to detect
description sentences within the retrieved text.

Trait information extraction: An LLM is then used to
detect all possible categorical trait values within the
descriptive text.

Species–trait datasets for evaluation

To evaluate the automatic trait extraction workflow, we
fixed the species, traits, and trait values to those found in
three manually created species–trait matrices, using the
following databases:

Caribbean: 42 woody species in the Dutch Caribbean. The
database, created in the context of this work, contains
24 traits, with an average of 8.5 possible values per trait
(minimum of two and a maximum of 22).

West Africa: 361 species of trees in the West African
savanna (Bonnet et al., 2008). We considered all
23 traits, averaging 5.8 possible values per trait (mini-
mum of two and a maximum of 10).

Palms: We used the 333 species that have complete trait
descriptions (Kissling et al., 2019). We considered the
six categorical traits in the dataset, with an average of
9.5 possible values per trait (minimum of two and a
maximum of 31).

Textual data harvesting and description
detection

Textual data harvesting

For each species of interest, we used the Google Search API
to submit a query with the binary scientific name of the
species, in quotes, to make sure that the search engine only
returns websites containing the exact species name. The first
20 URLs returned were then visited and the text scraped;
only HTML sites are considered in this work. We double‐
checked that the species name was present in the HTML
header in order to filter out web pages not specifically
dedicated to that species. Because the text obtained in
this way is unstructured and a large part of it does not
correspond to morphological descriptions, we selected the
sentences most likely to be part of a description by using a
custom text classifier, which is described in the following
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section. The full list of internet domains contributing to the
harvested text can be found in the GitHub repository (see
the Data Availability Statement).

Description detection

We start by formulating an approach to distinguish between
descriptive and non‐descriptive sentences in the form of an
NLP binary classification task, aimed at filtering out all the
text from the retrieved websites that does not describe the
morphology of the species. For instance, on the English‐
language Wikipedia page referring to Hedera helix L., the
sentence “The fruit are purple‐black to orange‐yellow ber-
ries,” from the “Description” section, explicitly describes
morphological traits. On the other hand, the sentence “Once
ivy is established it is very difficult to control or eradicate,”
from the “Control and eradication” section, does not ex-
plicitly describe any morphological traits and is thus con-
sidered non‐descriptive. We are interested in sentences, as
in the first example, from which trait values can potentially
be extracted; therefore, an automated approach is needed to
determine whether or not any given sentence is descriptive.
Such a model can be trained without the need for manual
annotations by leveraging structured online sources, such as
Wikipedia, in which a “Description” section is often present
and can be used to obtain descriptive training samples,
while text from the other sections can be used as non‐
descriptive samples. This model can in turn be used to

collect descriptive sentences from other, less structured but
relevant, websites for further processing.

Creation of the training dataset
To create a large dataset of descriptive and non‐descriptive
text via parsing structured websites, we selected four different
web sources that (i) comprise large databases and (ii) have
rich scholarly content about species descriptions, namely:

Wikipedia: the best‐known free online encyclopedia,
maintained by volunteers; everyone is allowed to edit
pages, while moderators maintain the quality of the
content (https://en.wikipedia.org/wiki/Main_Page).

Plants of the World Online (POWO): an international
collaborative database of the world's flora. The data are
based on scientific publications and are maintained by
the Royal Botanic Gardens, Kew (https://powo.science.
kew.org/ [retrieved 13 July 2021]).

Encyclopedias of Living Forms (LLifle): a collaborative
effort to provide species descriptions, offering descrip-
tions of 31,213 plant species, with a focus on xerophytes
(https://www.llifle.com/).

World Agroforestry Centre (ICRAF) Agroforestree
database: provides textual descriptions of 670 tree
species that are useful in agroforestry (https://apps.
worldagroforestry.org/treedb/index.php).

All of these sources contain structured plant species infor-
mation divided into different sections (e.g., “Introduction,”

F IGURE 1 Overview of the methodology. The panels display the sequence of tasks performed during each of the three main stages: (A) data harvesting,
(B) description detection, and (C) trait extraction. Below each task is an example of what its output may look like.
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“Appearance,” “Characteristics,” and “Habitat”), which
are specific to each source. These section headers allow for
automatic labeling of the data; for example, text stemming from
the sections “Introduction” and “Habitat” is assigned non‐
descriptive labels (i.e., they are not relevant to the description
of the species), while text from the sections “Characteristics”
and “Appearance” is assigned to the descriptive class. We
also consider random pages from Wikipedia, not pertaining
to species, as an augmentation approach that enriches the non‐
descriptive data.

Training the classifier
We can then proceed with training a description detector.
For this task, we need a model that is able to assign a binary
label (descriptive versus non‐descriptive) to a piece of text
of arbitrary length. The most straightforward approach for
this is to use a text encoder model, which can convert a text
sequence of any size (up to some maximum allowed length)
into a vector of fixed length. Any machine learning classifier
can then be trained, in a supervised manner, using this
vector representation as input. For our description sentence
classification model, we used a distilled version of BERT
(Bidirectional Encoder Representation from Transformers)
(Devlin et al., 2019), a widely used NLP model for obtaining
vector representations of sentences, and specifically to
DistillBERT (Sanh et al., 2020). This decision was motivated
by the balance between complexity and performance that
DistillBERT exhibits. This variant comprises 40% fewer
parameters than the original BERT model, leading to 60%
faster computations, while still yielding 97% performance
on general language understanding. Both BERT and Dis-
tillBERT have been trained on a large corpus of English text,
and pre‐trained model weights are freely available. Within
this context, we augmented the base DistillBERT model by
introducing (i) a dropout layer for regularization purposes
and (ii) two fully connected layers. The first layer takes the
output vector of DistillBERT, of size 768, and outputs a
vector of size 512, while the second layer takes this output
vector and yields an output of size 2, which are the logits for
our binary classification task.

To prepare the collected text for fine‐tuning the model,
it must first be split into discrete tokens, which are either
syllables or entire words, for which we use a tokenizer (Wolf
et al., 2020). The conventional BERT architecture can
accommodate up to 512 tokens at once, corresponding to
approximately 400 words. This means that text spans that
are longer than 512 tokens (e.g., a paragraph or a sentence)
need to be truncated to length 512 to be compatible with
DistillBERT. In this work, we randomly split the text into
spans with a minimum of 10 and a maximum of 512 tokens.
This functions as data augmentation and forces the model
to capture the characteristics of descriptive sentences, even
when not seeing the whole sentence, potentially providing
robustness when the model is exposed to text not included
in the training set, where sentences could have different
length and structure compared to the training set. We
trained and validated the model only on data stemming

from Wikipedia and POWO, while text from LLifle and
ICRAF were used exclusively for model evaluation. By using
different data sources for training and testing, we can obtain
a better estimate of the generalization performance of
the method on arbitrary websites returned by the search
engine API upon deployment. For the evaluation, we used a
sentencizer (Honnibal et al., 2020) to split the text into
sentences.

Noise robust loss function
Due to the use of automatically obtained labels, it is likely
that the resulting dataset will contain inconsistencies, as is
common when dealing with unstructured data (Kumar
et al., 2020); after all, not all text within the Description
section of a Wikipedia article consists of descriptive sen-
tences, and some descriptive sentences may occur outside of
it, typically in the introductory sections. It is also possible
that some section headers may be missed through this
process, further increasing the amount of noise in the final
dataset. We can mitigate the effects of this potential
inconsistency by turning to classification losses that are
designed for robustness against noisy labels. We chose the
“soft bootstrap” consistency objective (Reed et al., 2015;
Marcos et al., 2022), which operates according to the
principle that the labels are “diluted” by the model's current
prediction, thus reducing the impact of the loss of data
points in which the model confidently disagrees with the
label. Specifically, the loss is computed as:

∑q t βt β q qSoftLoss( , ) = [ + (1 − ) ]log
k

L
k k k

=1
(1)

where q are the predicted class probabilities, t are the
observed noisy labels, and β is a balancing factor between
the current prediction and the target. In this way, we can
use the current state of the model to dynamically adapt the
prediction targets, allowing the model to pay less attention
to inconsistent labels. As the model improves its predictions
over time, it becomes more coherent, allowing for assess-
ment of the consistency of the noisy labels. We set β = 0.20
in a similar fashion to previous works (Zhang et al., 2020;
Marcos et al., 2022).

For fine‐tuning the model, we kept the DistillBERT
parameters frozen and trained only the added classification
head. We used the Adam optimizer to minimize Eq. 1 with
a learning rate of 3.10−5, a batch size of 32, and gradient
clipping with a norm of 1.0. The model was fine‐tuned until
convergence, for a total of 35 epochs.

Trait information extraction

Information extraction with a generative LLM

The next step towards information extraction for species
descriptions involves extracting relevant information from
the obtained text snippets into a structured form. To this
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end, we leveraged the recent advances in LLMs, which have
been empirically demonstrated to capture relational
knowledge in the training data that can be extracted via
natural language queries, also known as prompts (Ouyang
et al., 2022). These models have been shown to perform well
on relatively generic tasks, such as common‐sense knowl-
edge (Davison et al., 2019) or general knowledge (Petroni
et al., 2019).

Although it is possible to directly query an LLM with a
question, without providing any additional information,
one should be aware of their tendency to provide responses
that appear legitimate but that are completely unfounded,
known as hallucinations (Zhang et al., 2023). This tendency
is even more pervasive in specialized domains, including
botany, that are characterized by long‐tailed distributions in
which a few elements are very abundant and many are
extremely rare. This leads to LLMs being unreliable for this
majority of uncommon elements. To mitigate this issue, we
turned the task into information extraction from text via
search engine retrieval (Lewis et al., 2020). We achieved this
by feeding the LLM a piece of descriptive text obtained
via the harvesting approach detailed in the “Textual data
harvesting and description detection” section, along with
questions referring to a predetermined set of traits and
possible trait values. At the same time, we gave the LLM the
option to explicitly state if the requested information is
not available (NA) in the given text, mitigating potential
hallucination issues that could otherwise arise. This means
that only a subset of traits will be assigned a trait value, the
proportion of which we will refer to as coverage rate.

Choice of LLM

The 32,000‐token context window in Mistral Medium
(version 2312, released on December 2023; Mistral AI, Paris,
France) was sufficient to accommodate all the text for a
given species along with the considered traits and trait
values. In addition to this, we found Mistral Medium to be a
good compromise in preliminary tests, with results sub-
stantially better than those of GPT‐3.5 Turbo (Open AI, San
Francisco, California, USA) and at a similar cost. We tested
the Mixtral‐8x7B (Mistral AI) and Llama 2 (Meta, Menlo
Park, California, USA) open source models, but they pro-
vided results of lower quality than those of GPT‐3.5 Turbo.
However, we have conducted tests with the open source
Mixtral‐8x22B, which was released after we conducted most
of our experiments, and obtained results comparable to
Mistral Medium, making it a good alternative for labs with
access to a GPU cluster. Refer to the section “Additional
experimental results” (below) for details.

Prompt design

The considered species–trait datasets comprise categorical
traits; these can be encoded in a binary form and expressed

as multiple‐choice textual questions to engineer discrete
prompts. In this binary encoding context, we are interested
in discovering which trait values should be “1” or “0” for
any given set of species and trait value by exploiting the
information from the retrieved description sentences. Such
an encoding of the categorical traits “life form” and “phyl-
lotaxis” of the Caribbean dataset is depicted in Table 1.

Thus, for each trait, we first group together all its possible
values, e.g., “life form”: [“tree”, “liana”] and “phyllotaxis”:
[“alternate”, “opposite”]. Then, to create a prompt for the
LLM, we consider: (i) all the textual description sentences
about a species and (ii) the list of traits and considered trait
values as described before. Based on this construction, we
prompt the LLM to infer the values for each trait based on
the provided text. A realistic example prompt based on the
described process is depicted in Figure 2 (left). In this
example, we asked the LLM about three traits. For the first
two, “plant type” and “phyllotaxis,” there is some information
available in the input text: “[…] is a deciduous tree” and
“Leaves are alternate.” For the third trait, related to “Trunk
and root,” no information is present in the text. Indeed,
the actual response of the LLM when queried with the
constructed prompt is shown in Figure 2 (right). Therein, we
observe that the LLM correctly infers the values of each trait
from the given textual description, exhibiting behavior con-
sistent to what we expected. For the last trait, there is no
evidence for any of the accepted trait values, and this will be
treated as “NA.”

Although the example prompt includes only three traits
and provides information about a single species, we are
interested in scaling this approach to hundreds or thou-
sands of species and long lists of possible traits. Scaling the
approach can be done by simply repeating the process for
new species and including additional traits in the prompt.
In our work, and to be able to compare the prompt results
to the ground truth data of the three considered datasets
(Caribbean, West Africa, and Palms), we consider the exact
same species, traits, and trait values found in each dataset.

By using an LLM with a large enough context window, it
is possible to fit the whole text and dictionary of traits into a
single prompt. Alternatively, it is also possible to split the
task into multiple prompts by querying about a single
prompt at a time or by providing only a subset of the input
text. The answers of the LLM can then be parsed in order to

TABLE 1 A binary encoding (with presence denoted as “1” and
absence as “0”) of the manual annotations of two different traits for three
different species in the Caribbean dataset.

Species

Life form Phyllotaxis

Tree Liana Alternate Opposite

Avicennia germinans (L.) L. 1 0 0 1

Metopium brownei (Jacq.) Urb. 1 0 1 0

Morisonia flexuosa L. 0 1 1 0

AUTOMATIC EXTRACTION OF MORPHOLOGICAL TRAITS FROM THE WEB | 5 of 15
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F IGURE 2 An example prompt used to query the LLM about the presence of morphological traits given a textual description sentence for a given
species (left), along with the LLM response (right). The LLM correctly identifies that there is evidence in the text indicating that the plant type is tree and the
phyllotaxis is alternate, while no evidence can be found for the other trait values.
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build a species–trait matrix in the same format and the
manual annotations.

Evaluation metrics

Evaluation of the automatic trait extraction

To evaluate the responses of the LLM, we compared them
to the species–trait matrices manually curated by expert
botanists (Caribbean, West Africa, and Palms datasets,
described above). We report the proportion of traits for
which a value was found (i.e., the coverage), along with the
precision, recall, and F1 score computed for the found traits;
precision, recall, and F1 score are computed only for traits
with coverage. The precision is the proportion of correctly
predicted positives (i.e., all the trait values predicted by the
model as being present) compared to the manual dataset.
The recall is the proportion of positives in the manual
dataset that are retrieved by the approach. To combine these
two complementary metrics, the F1 score consists of the
geometrical average of precision and recall.

Evaluation of the false negative rate

Even though the described evaluation process allows for
assessing whether the detected traits are correct, according to
manually created species–trait matrices, it does not allow for
quantifying the false negative rate of the LLM (i.e., whether all
traits described in the text are effectively extracted). In this
context, we need to assess whether the false negatives arise
due to the LLM extraction process or due to the fact the
information is simply not present in the harvested text. To
mitigate this issue, we performed an additional evaluation of
the trait extraction process by asking four senior botanists
whether a certain trait value can be inferred from a specific
piece of text and then using this information as ground truth.
Specifically, we first randomly selected a trait from one of the
species–trait datasets. We then selected a random species
from the same dataset and picked a text snippet with a low
distance in the DistillBERT embedding space to the name of
the trait, in order to increase the number of relevant text–trait
pairs. This allowed us to generate 1216 text–trait pairs, which
we then shared with the botanists. They were given the text
and the ground truth trait value and asked if this trait value
could be inferred from the text. According to the botanists,
298 of the 1216 snippets contained relevant information
about the trait of interest. To assess the capacity of the LLM
extraction process in this setting, we constructed the corre-
sponding prompts with the same pairs of sentences and traits
as those presented to the botanists. The prompt used was of
the same structure as the one shown in Figure 2. This allows
us to investigate whether the LLM behaves in an excessively
conservative manner, preferring to return empty results
rather than make a mistake, or has a tendency to hallucinate
responses that are not explicitly in the text.

RESULTS

Descriptive text classification

The descriptive/non‐descriptive dataset creation process
described in the “Descriptive text classification” section
resulted in approximately 1.45 million sentences: 1.1 million
sentences corresponding to non‐descriptive text and
356,000 sentences corresponding to descriptive text. In the
performance analysis of the model (Table 2), we observe
that, within the in‐domain validation set, our description
classification model achieves very high precision for both
classes (i.e., “Descriptive” and “Non‐Descriptive”), with F1
scores of 0.96 and 0.99, respectively. However, the recall in
the test set decreases substantially for the descriptive class,
from 0.95 to 0.55, but remains basically stable for the
non‐descriptive class, at 0.99 for the validation set and
0.98 for the test set. A few example sentences with their
corresponding score are shown in Figure 3, where we can
see that the model behaves as expected, with only botanical
descriptions having a score higher than 0.5.

Descriptive text harvesting

Having trained and validated our descriptive sentence
detector, we next considered any potential source of textual
information to extract species descriptions towards a down-
stream task. The text harvesting step returned description text
for the majority of species, but not for all. Specifically, we
obtained text for 40/42 species in the Caribbean dataset,
358/361 for the West Africa dataset, and 248/333 for the
Palms dataset. On average, we obtained 35, 36.8, and 43.5
descriptive sentences per species for each dataset, respectively.
Refer to the code repository to find the whole set of found
descriptive sentences and their original URLs (https://github.
com/konpanousis/AutomaticTraitExtraction/blob/main/
Descriptions).

Automatic trait extraction

Comparison to manually curated trait data

The coverage ranges between 55% and 56% (Table 3),
meaning that the described method assigns a value to more
than half of the traits. The F1 scores range between 73% in
the Palms dataset and 78% in the West Africa dataset, the
recall is remarkably constant at between 77% and 78%, and
the precision varies between 70% in the Palms dataset and
80% in the West Africa dataset.

Both the per‐trait F1 scores and coverages display
large variations (Figure 4). Some commonly found traits,
such as life form and seed color in the Caribbean dataset or
plant type and leaf shape in the West Africa dataset, have
been retrieved for well above 80% of species, while trunk
and root are only found for around 10% of species in the
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West Africa dataset. Moreover, large variations in terms of
F1 accuracy can be observed across traits in all datasets,
with a tendency towards higher accuracy in traits for
which fewer values are allowed. For instance, life form in
the Caribbean dataset has only two possible values, and
the F1 accuracy stands at over 95%. On the other hand,
fruit color in the Palms dataset has around 70% F1
accuracy for 12 possible values.

To visualize the most typical mistakes the model com-
mits on this multi‐label task, in which more than one trait
value is allowed per trait, we show two co‐occurrence
matrices side by side: one corresponding to the co‐
occurrences found within the annotated data (i.e., which
trait values are simultaneously present in a species) and a
second one with the co‐occurrences between the annota-
tions and our predictions (which values are predicted for

species that are annotated with a certain value) (Figure 5).
The comparison shown here, for the traits leaf position
and fruit type in the Caribbean dataset and fruit in the
West Africa dataset, demonstrates that the general patterns
of co‐occurrence are maintained and, furthermore, that the
committed confusions are often reasonable. For instance,
for the leaf position trait, our approach returned opposite
when the manual annotations stated alternate‐opposite,
opposite, whorls of 3 and opposite, whorls of 3, alternate.
Similar co‐occurrence matrices are also shown for two traits
in the Palms dataset: fruit size, with two possible values, and
fruit color, with 12 possible values (Figure 6). In this
example, although the correct values are often retrieved,
the large number of options and potential ambiguities
results in a much larger number of false positives. Finally,
co‐occurrence matrices are shown for the two traits with the
highest and lowest overall F1 scores: stem shape and leaf
apex, both from the West Africa dataset (Figure 7). We can
see that the high scores in stem shape are driven both by the
fact that only two possible values are allowed and that it is a
very imbalanced trait, with the vast majority of species
having the same value. On the other hand, leaf apex
not only has seven possible values, but these values also
show a very high overlap, which can be seen in the large
off‐diagonal values in three values of the annotations’
co‐occurrence. Our pipeline mostly tends to predict one of
these three traits (leaf apex acuminate), while ignoring the
other two.

TABLE 2 The precision‐recall metrics for the binary classification model tested on the test dataset and two external datasets (LLifle and AgroForestree).

Precision Recall F1 score No. of sentences
Class Validation Test Validation Test Validation Test Validation Test

Non‐descriptive 0.98 0.94 0.99 0.98 0.99 0.96 167,955 66,246

Descriptive 0.97 0.79 0.95 0.55 0.96 0.65 57,864 8590

F IGURE 3 An example set of sentences and their corresponding “description” score. The text is broken into single sentences by the sentencizer of
Honnibal et al. (2020), and the classifier classifies each sentence. Sentences with a value of 0.50 or higher are stored in the database. The darker the color
green, the higher the prediction value. The prediction value is also shown after each sentence.

TABLE 3 Precision, recall, F1 score, and coverage (i.e., the proportion
of species–trait entries for which at least one value is found) with respect
to the three manually curated databases. The accuracy metrics are
computed only for these entries.

Dataset Precision Recall F1 score Coverage

Caribbean 0.7493 0.7800 0.7643 0.5500

West Africa 0.8058 0.7776 0.7806 0.5588

Palms 0.7013 0.7706 0.7343 0.5584
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Evaluation of the false negative rate

In this section, we compare the ability of the LLM to predict
“NA” in cases where no information about the desired trait
can be found by comparing its responses to those of expert
botanists on the same sentences. This allows us to estimate
whether the coverage rate corresponds to the actual data
availability in the harvested text. The confusion matrix
in Table 4 shows that the LLM, in the setting used in this
work, does not have a strong bias towards over‐ or under‐
detecting traits in text. Out of the 1216 text samples used in
the survey, 24% were deemed to contain relevant trait
information by the botanists, while the LLM reported found
traits in 22%. By comparing the responses between the LLM
and the botanists, we obtain a macro‐averaged F1 score of
0.82, with an F1 score of 0.72 for the positive class and 0.92
for the negative class. The precision being higher than the
recall suggests that the model has a conservative bias, with a
tendency to under‐report traits rather than hallucinating
them. For around 32% of the traits reported as “NA,”

information was present in the text that was missed by the
LLM. The observed precision is roughly in line with the
performance of the approach, using the whole per‐species
text and set of traits in a single prompt, when compared
to the manually curated species–trait matrix (Table 3),
suggesting that the amount of input text provided in the
prompt does not affect the quality of the results.

Additional experimental results

To further investigate the impact of some of the design
choices, we evaluated the Caribbean dataset using two
additional LLM settings. First, we wanted to verify
that querying the LLM with all traits simultaneously in a
single prompt does not substantially degrade the results.
We observe that querying a single trait at a time results in a
mere half percentage point improvement for the Mistral
Medium model (Table 5), while the number of input tokens
required is more than an order of magnitude larger, from

F IGURE 4 F1 score (orange) and coverage (red) per trait with respect to the three manually curated databases: (A) Caribbean, (B) West Africa, and
(C) Palms. The coverage is the proportion of species for which at least one value is found. The F1 score is computed only for these species.
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F IGURE 5 Co‐occurrence matrices for every pair of trait values in leaf position (A, B) and fruit type (C, D) in the Caribbean dataset, and fruit in the
West Africa dataset (E, F). For each trait, we compare the co‐occurrences within the annotations (left) and the co‐occurrences between the predictions
(columns) and the annotated values (rows) (right). We can see that the patterns of co‐occurrence are maintained.
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150,000 input tokens to 1.67 million, due to having to
provide the input text and instructions as many times per
species as there are traits. The main improvement is in
coverage, which increases from 55% to almost 58%. It
should be noted that running our experiments with all traits
at once on the over 700 plant species that comprise the three
datasets only required around $30 USD in Mistral AI
credits. Second, we evaluated the applicability of the open
source model Mixtral‐8x22B, which was released after we
had run the main set of experiments, and found that this
model is able to provide comparable results to Mistral
Medium, with only a 0.4% lower F1 score and an improved
coverage of over 60% (Table 5).

DISCUSSION

Our study reveals that while most species yielded useful
descriptive text, a significant portion of species in the Palms
dataset provided no sentences at all. This issue is partly

attributable to the study's focus on English‐language HTML
websites and could be mitigated with the inclusion of non‐
English text, as many botanical descriptions are available in
local languages. Expanding the language scope would be
particularly feasible for languages with a significant online
presence and a history of botanical use, such as French,
Spanish, and Portuguese. Broadening the range of struc-
tured online resources used to train the description detector
is one alternative for this multilingual expansion. Although
modern LLMs are multilingual, the most significant
challenge lies in extending our descriptive text detection
approach to multiple languages. This could be addressed
either by training on structured websites in various lan-
guages or by employing a higher‐capacity LLM in this step
via in‐context learning (Brown et al., 2020), which would
leverage the multilingual nature of most LLMs. With this
last approach, a few examples of descriptions or a definition
of the characteristics of descriptions could suffice, removing
the need to train on a large set of multilingual description
examples. The markedly lower recall compared to precision

F IGURE 6 Co‐occurrence matrices for fruit size (A, B) and fruit color (C, D) in the Palms dataset. For each trait, we compare the co‐occurrences within
the annotations (left) and the co‐occurrences between the predictions (columns) and the annotated values (rows) (right). We can see that the patterns of
co‐occurrence are maintained.
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F IGURE 7 Co‐occurrence matrices for stem shape (A, B) and leaf apex (C, D) in the West Africa dataset (the traits with the highest and lowest F1
scores, respectively [i.e., 0.95 and 0.54]). For each trait, we compare the co‐occurrences within the annotations (left) and the co‐occurrences between the
predictions (columns) and the annotated values (rows) (right). The co‐occurrence patterns are conserved, except for leaf apex sharp corner and leaf apex
wide corners, which are generally predicted as leaf apex acuminate. Note that these three trait values are highly correlated in the annotation.

TABLE 4 Confusion matrix between the ground truth (GT) survey
responses and the responses from the LLM. In this experiment, for the LLM
queries, instead of using only the known ground truth values for each trait,
we consider all its possible values. If there is evidence of any value present in
the sentence, we consider the value found; otherwise, the value is considered
missing. For the GT survey responses, we consider the value found only
when the reviewers responded “Can infer correct value”; otherwise, the
value is considered missing.

LLM missing LLM found Total

GT missing 856 62 918

GT found 94 204 298

Total 950 266 1216

TABLE 5 Precision, recall, F1 score, and coverage using four different
models and settings.a

Model (setting)b Precision Recall F1 score Coverage

Mistral Medium (all traits) 0.7493 0.7800 0.7643 0.5500

Mistral Medium (single trait) 0.7507 0.7920 0.7708 0.5791

Mixtral‐8x22B (all traits) 0.7519 0.7726 0.7602 0.6052

GPT‐3.5 Turbo (all traits) 0.6665 0.7390 0.7009 0.3031

aPrecision, recall, F1 score, and coverage (i.e., the proportion of species–trait entries for
which at least one value is found) are calculated with respect to the manually annotated
Caribbean dataset. The accuracy metrics are computed only for these entries.
bThe “all traits” setting used a single prompt per species, querying for all traits
simultaneously, while the “single trait” setting queried for a single trait in each prompt.

in detecting descriptive text is expected, given the nature of
the data and the loss function used, which accounts for a
considerable amount of label noise. The low recall suggests
that the model often determined that nearly half of the text
within descriptive sections did not genuinely pertain to

descriptions. While this may lead to the omission of some
relevant sentences, it also results in a more concise and
focused corpus.

Our quantitative trait extraction results show that the
proposed pipeline is able to return a value for over half of
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the traits in the three considered species–trait matrices, with
an average F1 score of over 0.75. In addition, the inspection
of the errors committed by the pipeline suggests that they
tend to be relatively reasonable mistakes, with similar trait
values being typically confused for one another. The results
of the false negative rate evaluation show that, in general,
the LLM is well balanced and has no strong tendency
towards either hallucinating or ignoring information. The
fact that using a single trait per query results in very similar
performance is a sign that this behavior does not depend on
the number of simultaneously queried traits. These results
mean that the low average coverage rate, of about 55%, is
probably due to a lack of information in the harvested
dataset, rather than on the LLM being unable to extract the
information. A focus on improving the amount of textual
information would, therefore, be the best way to further
improve the trait coverage. Nonetheless, we have directly
used the trait and trait value names as they were proposed
by the original authors of the species–trait datasets. It is
likely that these specific formulations are not the best pos-
sible for our task and can thus be optimized for prompting,
such as by including descriptions of the traits and their
possible values. In addition, the results using Mixtral‐8x22B
show that, at the time of publication, it would be possible to
reproduce the results of this study, and scale the approach
to new species, using a model with openly available weights.

This study focused on a relatively small number of plant
species, approximately 700 in total, for which manually
curated trait data were available for evaluation. We
attempted to mitigate geographic bias toward Europe and
North America by exclusively considering tropical species,
which are more likely to be representative of the data
availability for the world's flora than these overrepresented
regions (Kattge et al., 2020). However, the study was limited
to woody plants, and this constraint may affect the gen-
eralizability of our findings to the global flora. We also
observed that our approach successfully filled in only a little
over half of the traits, with up to 25% of species in the Palms
dataset failing to yield any text during the web crawling
phase, thus resulting in no identified traits. The primary
limitation of our method lies in its reliance on species and
traits that are textually documented online. As a result, the
approach is more suited to retrieving morphological traits,
which are frequently used in plant species descriptions that
can be found on the web. This contrasts with existing trait
database initiatives, such as TRY (Kattge et al., 2011), BIEN
(Maitner et al., 2018), or TraitBank (Caldwell and Hart,
2014), which contain traits based on measured specimens,
without a focus on the morphological traits that are typically
used for species description and identification. In addition,
changes in taxonomic nomenclature can lead to missing
valid information that uses an outdated scientific name. To
address this limitation, the procedure could be enhanced by
incorporating less stringent filtering during text harvesting
and including the use of synonyms. The capacity of the
pipeline to capture more text could be further improved by
implementing compatibility with JavaScript‐based websites

and PDF documents (Folk et al., 2023). Finally, while our
study focused on categorical traits, we believe the approach
could be adapted for other types of trait formulations, such
as numerical values, by modifying the LLM prompt and
adding a step to deal with different measuring units. We
plan to explore this possibility in future work.

Concluding remarks

We developed and evaluated a pipeline that leverages recent
advances in LLMs to extract trait information for any set of
species from unstructured online text. Unlike other recent
approaches that require species–trait information for
training (Domazetoski et al., 2023) or manual curation
(Folk et al., 2023), ours does not require any manual an-
notations for training or any curation step. The only manual
effort required is the initial creation of the list of traits and
the possible trait values, along with the list of species names
to be examined; this means that the trait extraction can be
effortlessly scaled to new sets of species without the need for
previous knowledge on species–trait relations. These results
point towards the potential of this type of methodology
for leveraging the large amounts of unstructured text data
available in online species descriptions. Although in this
work we limited the list of traits to those present in the
referenced, hand‐crafted datasets, we could adapt the
approach for use with more general lists (Castellan et al.,
2023) to allow scaling up to much larger floras.
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