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Abstract

Climate change is reshaping food systems and
consumer practices, creating new challenges
for food safety. Understanding how people
modify their eating habits in response to cli-
mate disruptions and sustainability challenges
is critical for assessing emerging microbiolog-
ical risks. We present FoodClimNER1, a new
named entity recognition (NER) corpus con-
taining extracts from open-access scientific ar-
ticles on food science in the context of climate
change, with manual annotations made by an
expert. We define annotation guidelines with
expert definitions of food practice entities and
climate change entities. We evaluate baselines
and a custom prompting method with recent
LLMs on this task in a zero-shot setting. Re-
sults indicate that expert-level entity types and
the presence of nested and discontinuous men-
tions make this a challenging testbed, with sig-
nificant room for improving zero-shot meth-
ods. We also provide a detailed analysis of
the importance of different parts of our custom
prompt.

1 Introduction

Climate change is recognized as a major driver of
changes in food safety challenges through its mul-
tiple impacts on food systems (Intergovernmental
Panel on Climate Change (IPCC), 2023). It affects
every stage of the food chain, from production
and transportation to storage and food availabil-
ity, while also modifying consumer food practices
(Vermeulen et al., 2012). These interconnected
changes are expected to increase the burden of food-
borne diseases while reshaping food systems and
consumption patterns worldwide (Dietrich et al.,
2023). However, our understanding of how cli-
mate change affects consumer eating habits, the

1We release our corpus publicly : https://huggingface.
co/datasets/inrae-bibliome/foodclimner, as well as
the code for our experiments : https://github.com/
mathieulaiking/foodclimner

Malliaroudaki, 2022

Indeed, dietary GHG emissions of vegan diets are about
half that of meat-eaters’ diets (Scarborough et al., 2014).

Malliaroudaki, 2022 (also)

In view of the fast-growing world population, the higher
per capita income growth and “westernising” diet trends
in the East, a significant rise in demand for dairy prod-
ucts sets the long-term sustainability of the sector into
question (OECD-FAO, 2020; Pingali, 2007).

Climate Greenhouse Gases

Food Repertoire

Climate Problem Origins

Climate Mitigations

Figure 1: Examples of annotated sentences from Food-
ClimNER

final link in the food chain, remains limited. Con-
sumers are adapting their eating habits by adopting
more sustainable dietary practices (e.g., reduced
meat consumption, increased consumption of lo-
cal, organic or plant-based foods) (Innocent et al.,
2024) or in response to climate-related disruptions
such as reduced availability of certain products or
supply chain disturbances (Hadley et al., 2023).
These shifts may introduce or amplify microbio-
logical hazards, as new food practices emerge and
foods with limited safety data enter consumers’
diets (Duchenne-Moutien and Neetoo, 2021).

Consumer food practices are documented across
diverse text sources (scientific literature, grey lit-
erature, press articles, and social media), making
natural language processing methods a promising
choice for extracting structured information from
them. Being able to extract information on food
practices linked to climate change could help dis-
cover and understand emerging food practices that
could pose a risk in the upcoming years due to
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climate change. For example, the transition from
single-use plastic bags to reusable shopping bags
and food containers, promoted to reduce environ-
mental impacts, may unintentionally introduce new
microbiological hazards. If these reusable items
are inadequately cleaned or sanitized, they can act
as vehicles for cross-contamination, particularly
when used for high-risk foods such as meat, cheese
or ready-to-eat products (Kasza et al., 2022).

However, annotating sufficient training data
for such tasks remains both time-consuming and
costly. The rapid advances in large language mod-
els (LLMs) over recent years (Brown et al., 2020;
Ouyang et al., 2022; Touvron et al., 2023; Guo
et al., 2025) offer a compelling alternative: these
models have demonstrated strong zero-shot capa-
bilities through a variety of prompting strategies
(Kojima et al., 2022; Wei et al., 2023), thus reduc-
ing the need for large annotated corpora. These
zero-shot capabilities also transfer to information
extraction tasks such as named entity recognition
(NER) (Sainz et al., 2024; Xie et al., 2023).

Here we define the term zero-shot as found in the
literature, meaning the model is not trained (weight
optimization) on the specific task directly. The
model instead generalizes to the new task using the
knowledge acquired during its training (pre or post-
training) or its context (in the case of LLMs). For
example, Sainz et al. (2024) include additional task
information in their prompt (including entity types
descriptions, examples, or annotation guidelines)
and still consider this zero-shot. This use of zero-
shot can be debatable (especially when using entity
examples), but we do not show exact examples

Therefore, we present a new zero-shot evalua-
tion corpus for food practices related to climate
change. Our contributions include FoodClimNER,
an expert-annotated NER corpus built from 10 full-
text open-access scientific articles, with food prac-
tices and climate change entities (see examples in
Figure 1), along with expert-defined annotation
guidelines, and zero-shot experiments (2 baselines
and a custom prompting method with recent LLMs)
on this corpus.

2 Related Work

2.1 NER in the climate and food domain

There already exist several works on information
extraction in the food domain. However, they are
usually recipe datasets annotated with food entities
and attributes such as quantities, units, and cook-

ing processes (Popovski et al., 2019; Wróblewska
et al., 2022) and do not include food practices or
target other types of documents. In the climate do-
main, Bhattacharjee et al. (2024) introduce Climate
Change NER as part of a broader suite of domain-
specialized scientific language models, while Pan
et al. (2025) propose ClimateIE, a corpus of cli-
mate science publications annotated for named en-
tities, relations, and entity linking through an LLM-
assisted annotation pipeline combined with expert
validation.

Beyond NER, recent work has also explored
domain-specialized LLMs for food and nutrition
tasks, such as FoodyLLM (Gjorgjevikj et al., 2026),
fine-tuned for nutrient estimation and ontology-
based entity linking, alongside broader surveys on
AI applications in food safety (Lopez et al., 2026).

As the majority of the existing NLP research in
the food domain focuses on recipes, the originality
of our approach is to annotate research articles in
the food safety domain with food practices entities
and link this to climate change entities.

2.2 Zero-shot NER methods
Zero-shot named entity recognition has attracted
growing attention since the emergence of large
language models. A first family of approaches,
adapted across different model architectures, shares
a common underlying idea: unifying multiple in-
formation extraction tasks within a single model
by defining a unified output schema and training
the model to generate it. This strategy was first
explored with encoder-decoder architectures (Lu
et al., 2022; Lou et al., 2023), later extended to
decoder-only models (Wang et al., 2023), and more
recently to encoder-only models (Zaratiana et al.,
2025).

A second line of work distills LLMs into smaller,
fine-tuned models by using the LLMs as auto-
matic annotators over large text corpora. These
approaches rely either solely on entity type labels
(Zaratiana et al., 2023; Zhou et al., 2024) or addi-
tionally incorporate type descriptions (Aly et al.,
2021; Cocchieri et al., 2025), computing similarity
scores between sentence-token representations and
entity-type (or type + description) representations.

Finally, a third category of approaches directly
exploits the emerging capabilities of large language
models, using original ways of defining annota-
tion guidelines such as code (Sainz et al., 2024),
tool-calling and multi-turn decomposition strate-
gies (Xie et al., 2023), or retrieval-augmented cor-
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rection of missing and erroneous entities (Cai et al.,
2025).

3 FoodClimNER: A new corpus for food
practices related to climate change

FoodClimNER is a new named entity recognition
corpus on the subject of consumer food practices
linked to climate change. The goal is to provide
a testbed for detecting emerging food practices in
scientific article documents that could present risks
in the future due to climate change. However, this
type of corpus is expensive to annotate, as we need
expert annotators. Therefore, we aim to create a
corpus used for the evaluation of modern zero-shot
methods, as we believe our expert-defined entities
and annotations will be a challenging task in this
setting. Relation extraction was not performed;
however, the co-occurrence of food practice and
climate-related entities within the same textual con-
text provides valuable information for identifying
potential links between emerging food practices
and climate change.

3.1 Annotation process
We describe our annotation process from schema
creation to document annotation :

1. Two experts (in sociology and food microbi-
ology) first developed the annotation schema
for food practices. The annotation framework
was designed through an iterative inductive-
deductive approach, combining exploration
of emerging food practices from the litera-
ture with theoretical frameworks describing
food behaviors. Food practices were struc-
tured according to consumer food pathway,
adapted from Desjeux’s consumer itinerary
framework (Desjeux, 1998). This structure
was chosen to capture food practices at dif-
ferent stages of the consumer pathway and to
support subsequent microbiological risk as-
sessment. Climate-related entity types were
selected from the schema of an existing cli-
mate change-related NER corpus (Bhattachar-
jee et al., 2024) and adapted to the objectives
of this study. We focused on entities describ-
ing climate drivers, impacts and mitigation-
related concepts so we filtered some relevant
entity types from the corpus schema. We pro-
vide our annotation schema with detailed en-
tity type definitions for food practices and cli-
mate change entity types in section 3.2.

2. Relevant document types included scientific
articles, grey literature, press articles and so-
cial media content. Given the diversity of
available sources, we focused the initial man-
ual annotation corpus on open-access scien-
tific articles to ensure reproducibility and suffi-
cient contextual information. An exploratory
literature search was conducted in PubMed
and Scopus using a PECO-based framework
(EFSA, 2010), combining terms related to cli-
mate change, sustainability, food, diets and
consumer behaviors. The article selection was
further informed by a broader food practice
database built independently by three anno-
tators from full-text readings of the screened
corpus (Le Bodo et al., 2026). Articles con-
taining at least one instance of a "food prepara-
tion" practice were prioritized, as this category
was expected to offer a greater variability in
surface shape ; two additional articles address-
ing food practices outside the French context
were added among remaining eligible candi-
dates to increase geographic diversity. The re-
sulting ten articles span ten different journals
across food science, nutrition, public health,
environmental education, and sustainability
disciplines.

3. Then, the full-text articles were manually re-
viewed by one expert, and some sections were
discarded because they were judged to contain
insufficient entity density or redundant infor-
mation and also to alleviate the workload of
the annotator, avoiding annotating the whole
document. For each article the removed part
length is very variable, for some documents al-
most nothing has been removed, and for some
other we kept only the abstract or a small part
of the complete paper.

4. Annotation was then performed by a single
expert annotator, with expertise in food mi-
crobiology (PhD), climate change and text an-
notation (previous work annotating microbes
entities in scientific articles). The software
used for the annotation is the brat rapid anno-
tation tool (Stenetorp et al., 2012).

The corpus captures two challenging linguistic
phenomena: nested entities, where spans of dif-
ferent types overlap, and discontinuous entities,
where a single logical entity spans non-contiguous
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Figure 2: Example of nested + discontinuous an-
notations. We have one discontinuous mention of
the “Food Preparation” entity: [“anti-waste practices
of”,“cooking”]; that overlaps with one regular mention
of the “Food Storage” entity: “anti-waste practices of
storage”. They are also both annotated as climate mit-
igations, as these practices serve to mitigate climate
change.

text segments. We provide an annotated example
in Figure 2.

3.2 Annotation Schema
We define two different main concepts of entities
which are consumer food practice entities and cli-
mate change entities. Both of these concepts con-
tain multiple subtypes of entities that have been
manually annotated. We also consider a version
where all the subtypes are directly considered as
the main concept because we believe that extract-
ing the information of having food practices as well
as climate change entities in a given text is already
valuable. This simplified version will be noted
FoodClimNER-simple (results in appendix B).

The first macro-type of entities are consumer
food practices (actions directly carried out by an
individual or a household as a food consumer). The
subtypes of entities are defined according to the
food itinerary of the consumer, from planning to
waste management:

1. Food repertoire: Covers practices and factors
related to food choices (in terms of quality
or quantity) that may or may not be part of
an individual’s diet (e.g., meat consumption,
food choices).

2. Logistics and Travel: Includes pre-purchase
practices (checking existing resources, meal
planning, etc.) and travel to the place of pur-
chase (using low-carbon transportation to go
grocery shopping)

3. Purchasing: Covers purchasing practices
(product selection, choice of retail loca-
tions, interactions with marketing) as well
as non-market procurement strategies (self-
production).

4. Storage: Covers food storage practices after
purchase and before preparation (choice of
packaging, adherence to or disregard of expi-
ration dates, preservation, etc.)

5. Food preparation: All attitudes and practices
related to food preparation and cooking (e.g.,
raw food diets, water conservation, reducing
energy consumption, minimizing waste dur-
ing preparation, etc.). It also includes skills
and actions that we perform when cooking.

6. Consumption (table manners): Covers con-
sumption practices related to eating and meals
(e.g., portion sizes, choice of utensils).

7. Waste Management: Covers practices that
take place after a meal, with consideration
for the end of a food item’s life cycle (stor-
ing leftovers, composting, sorting food waste,
expiration date reasoning. . . ).

Climate change entities encompass the phenom-
ena, factors, impacts, causes, and strategies asso-
ciated with climate change, as described in the
text or recognized as falling within the realm of
climate. They include environmental events, green-
house gases, climate impacts, anthropogenic causes
of climate change, and actions aimed at mitigating
or responding to its effects. Climate change entities
may be identified using domain knowledge. How-
ever, any causal or relational link between these
entities and food practices must be explicitly sup-
ported by the text. The subtypes of entities are
defined according to entities selected by the expert
annotator from the Climate-change-NER corpus
(Bhattacharjee et al., 2024), as well as an addi-
tional environmental concern type that was judged
relevant by our expert:

• Climate greenhouse gases: Gases that cause
heating of the atmosphere (e.g., "carbon diox-
ide", "CH4", "GHG emission")

• Climate hazards: Dangers with potential neg-
ative impact on climate, such as floods, wild-
fires, droughts, and heatwaves.

• Climate impacts: Effects of hazards, primar-
ily negative effects on humans. We also con-
sider climate impacts on livestock as impacts,
as it indirectly affects humans.

• Climate problem origins: Problems that de-
scribe why the climate is changing. Key exam-
ples are fossil fuel and deforestation. We also
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mention sectors that can be cited as causes of
energy use. For instance, in a text about the
energy consumption by the transport sector,
the transport sector is annotated as a problem.

• Climate mitigations: Activities to reduce cli-
mate change or to better deal with the conse-
quences.

• Environmental concern: This entity encom-
passes several aspects, e.g., pollution, biodi-
versity, waste, water, climate, etc.; it does not
specifically refer to climate change; it is an
intermediate/residual category within the envi-
ronmental sphere for which the link to climate
is not established or direct.

We also provide additional annotation rules in
our annotation guidelines (Appendix A).

4 Experimental Setup

We want to evaluate two existing baseline meth-
ods and also a custom prompting method using
recent state-of-the-art LLMs (baseline-comparable
open-weight models and a large proprietary model)
because the progress of LLMs is moving fast and
the baselines may no longer be competitive even
with task-specific fine-tuning. We also perform a
pre-processing of the corpus before running the
methods.

4.1 Corpus pre-processing
We ran the experiments on a pre-processed version
of the corpus. The pre-processing is described here:

1. We replaced the references with a [REF] tag
for single references and a [MREF] tag for
multi-references, using regular expressions.

2. We split the documents into sentences using
the spaCy sentencizer2.

Even if the annotations are performed at the docu-
ment level, we choose to split them into sentences,
as some documents were long, and preliminary ex-
periments showed that having a context too long
was hurting performances for LLMs (possibly due
to the lost-in-the-middle problem when giving large
contexts to LLMs (Liu et al., 2023)). The citation
replacement is principally added for easier sentence
splitting and because we noticed a lot of multi-
citations that did not add any useful context and
were taking a lot of space in some sequences.

2https://spacy.io/api/sentencizer/

4.2 Existing Baseline Models

We select the following existing methods to have a
lightweight encoder baseline and a fine-tuned LLM
baseline:

• GLiNER (Zaratiana et al., 2023): It is a suite
of encoder-based models where they fine-
tuned a DeBERTa model using special [ENT]
tokens that precede entity type labels on a
large corpus with more than 13k different en-
tity types automatically annotated using Chat-
GPT (gpt-3.5-turbo-0301). Then the spe-
cial tokens and entities are concatenated with
the sentence in which we want to find entities
(using a special [SEP] token), and a dot prod-
uct is computed between the input sentence
token embeddings and the different [ENT] to-
kens for each entity type. We specifically use
version 2.5 and the large variant (459M param-
eters) of the model (gliner_large-v2.53).

• GoLLIE (Sainz et al., 2024): GoLLIE is a
suite of decoder-based models fine-tuned on
multiple information extraction tasks. The
approach represents annotation guidelines as
code syntax, allowing the model to use in-
context learning to identify entity bound-
aries. The authors fine-tuned different sizes
of CodeLLaMA models, transforming anno-
tation guidelines (entity type labels, descrip-
tions, and examples) in Python syntax, defin-
ing each entity type as a class. The input text
is then appended as a Python string variable in
the prompt, and the model generates the entity
mentions as a structured list format. We use
the 7B parameter (GoLLIE-7B) and 34B pa-
rameter (GoLLIE-34B) variants of the model
(smaller and bigger one).

4.3 Custom Prompting Method

Because GoLLIE is based on an already outdated
model and LLM capabilities have progressed sig-
nificantly since then, we also use a custom prompt-
ing method so that we can evaluate more recent
LLMs. We design a prompt that includes all the
guideline information. We use one prompt for each
document in the corpus, and we handle all entity
types at once. Preliminary experiments strongly
suggest that it helps disambiguate closely-related
entity types (compared to handling one entity type

3https://huggingface.co/gliner-community/
gliner_large-v2.5/tree/main
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at a time), and it is also faster and cheaper as it
divides the number of inferences by the number of
entity types. Recent LLMs follow a system/user
roles schema, so we design our prompt following
this. Here is the composition of this prompt:

• For the system part: contains a basic persona
(where we specify the model as expert in NER
annotation)

• For the user part:

1. Task instruction: simple sentence de-
scribing the NER task

2. Entity types, names, and descriptions,
and if available, entity mention examples

3. Rules: Corpus-specific annotation guide-
lines if available, presented as a mark-
down section

4. Output format: We require the output to
follow a specific format, with an illus-
trative example provided. Here we only
tried the JSON format.

5. Then finally the input text from which
we want to extract entities.

The full template is provided in Appendix D.

4.4 Models and configuration
We choose recent LLMs to evaluate this prompting
method. We first choose two open-weight models
that have a size comparable to the baseline LLM
model (GoLLIE). We also add a large model that
has state-of-the-art performance on text generation
benchmarks, as well as a proprietary model:

• Gemma 4 (Team et al., 2026): Gemma 4 is
a suite of vision-language models. We select
the dense 31B parameter, instruction-tuned
(gemma-4-31B-it) version of this model for
our experiments.

• Qwen 3.5 (Qwen Team, 2026): Qwen 3.5 is
also a suite of vision-language models. We try
two variants of this model: the dense 27B
parameter version (Qwen3.5-27B) and the
dense 9B parameter version (Qwen3.5-9B).
We choose these versions so that their size
is close to the models used by the GoLLIE
baseline.

• GPT 5.6 Sol (Singh et al., 2026): this is the
latest4 and (supposedly) largest variant of the

4at the time of our last experiments in July 2026

GPT 5.6 model. According to its authors, it
achieves state-of-the-art performance on many
LLM textual benchmarks5.

We run the models in greedy decoding, with-
out thinking tokens, on the corpus sentences (after
preprocessing the documents) so that the setting
stays comparable with the GoLLIE baseline. It
also gives a good idea of the performance of the
recent models without having to use too much com-
pute by using a multi-pass sampling evaluation and
test-time compute.

We ran the open-weight models on single
NVIDIA A100 SXM4 80 GB GPUs (except for
GLiNER, which we ran on a local GPU NVIDIA
RTX A2000 Laptop GPU). The proprietary GPT-
5.6 model was ran using the OpenRouter API.

4.5 Evaluation
We perform the evaluation at the entity level and
because the corpus has challenging mentions (dis-
continuous, nested entities), we use two modes of
evaluation:

• Partial: we count a correct prediction if the
predicted mention boundaries at least have an
overlap with the true mention and if the pre-
dicted type is exact. This removes the discon-
tinuous challenge; if there are multiple spans
and the prediction overlaps with one of the
spans, it will be counted as correct.

• Strict: we count a correct prediction if the
boundaries strictly match (multi-spans for dis-
continuous entities must exactly match, so our
methods do not handle this; all discontinuous
mentions will be counted as incorrect) and if
the predicted type is correct.

We then compute the micro-average for the
metrics of precision, recall, and F1-score in both
modes.

5 Results

We provide in this section our results on the Food-
ClimNER corpus; additional results on the simple
variant of this corpus are included in appendix B.

5.1 Resulting corpus
We provide the statistics of our resulting corpus in
Tables 1 (for general corpus statistics) and 2 (for
the entity type number).

5https://openai.com/index/gpt-5-6/
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Statistics Value
Number of initial documents 10
Total nb. of words 13599
Number of sentences 527
Sent. avg length (char) 172.7± 88
Sent. avg length (word) 25.8± 13

Number of entity types 12
Number of mentions 1109
Number of unique mentions 727
Mention avg length (char) 26.7± 17
Mention avg length (word) 3.8± 3
Avg mentions per sentence 2.10
Discontinuous mentions 92 (8%)
Nested mentions 478 (43%)
Flat mentions 539 (49%)

Table 1: Corpus statistics for FoodClimNER

Entity Type Count
Food Repertoire 297 (27%)
Food Preparation 132 (12%)
Food Supply Purchases 101 (9%)
Food Waste Management 72 (6%)
Food Storage 40 (4%)
Food Logistics Travel 36 (3%)
Food Consumption Uses 11 (1%)
Climate Mitigations 222 (20%)
Climate Problem Origins 136 (12%)
Environmental Concern 37 (3%)
Climate Impacts 19 (2%)
Climate Greenhouse Gases 6 (1%)
Climate Hazards 0 (0%)

Table 2: Entity type statistics for FoodClimNER

These statistics include sentence-level statistics,
as our model inputs were sentences (split from
the initial documents). We observe that annotated
mentions are long (almost 4 words per mention
in average), and that the corpus have a substantial
part of nested entities (43 %, here a nested mention
means that it has at least an overlap of one charac-
ter with another mention). Our annotator did not
identify any climate hazard entities in the selected
documents, suggesting that the annotated texts pri-
marily focus on other climate-related entities.

5.2 Overall results for both versions of our
corpus

We provide the overall results (micro-average met-
rics of the different methods used) on the Food-
ClimNER corpus in Table 3.

First, looking at the baseline results, as expected,
as we have expert definitions in our corpus, it is a
really difficult task for GLiNER, which only sup-
ports entity type labels. GoLLIE performs better
as it allows adding textual descriptions of each
entity type, as well as examples. Similarly, our
custom prompt containing information about the
task (entity definitions, examples, annotation rules)
performs even better and without any fine-tuning.
However, the models used are more recent than
the backbone model of GoLLIE (CodeLLaMa), so
their capabilities have greatly improved since then.
Surprisingly, we observe that Gemma 4 obtains the
best F1 score overall, even beating GPT-5.6 Sol.
The task remains difficult overall (partly due to
multiple challenges such as discontinuous entities,
which are not handled by the methods we used).

5.3 Entity-type-level results

To better understand where the overall performance
gains and losses originate, we report entity-type-
level results for the best-performing model on Food-
ClimNER: Gemma-4-31B-it (Table 4).

For the different food practice entity types, we
globally observe reasonable performances given
the zero-shot setting and corpus difficulty (between
31 and 51 F1 points), meaning our expert guide-
lines given to the model are useful, as verified in our
ablation experiment (Section 6). For the climate
change entity types, we notice greenhouse gases
are easy to detect (lexically simple as there are not
a lot of different possibilities), while impacts and
problem origins obtain low performance (around 6
F1 points) showing that these types are harder to
detect (very low recall for both) and might benefit
from additional examples and refined definitions.

6 Ablation Study

We perform a basic ablation study on our custom
prompt method, showing how each part contributes
to the final performance by doing 4 runs, remov-
ing each time a different part of the prompt. We
perform this ablation only on our best performing
model, Gemma 4. The results are presented in
Table 5. For the "without persona" experiment, in-
stead of stating a NER-specific persona, we just
give a neutral persona.

The ablation results show that every compo-
nent of the prompt contributes positively to the
performance, since removing any single element
degrades the F1 relative to the full configuration.
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Model Partial Strict
P R F1 P R F1

Baselines
GLiNER 17.83 34.36 23.48 [21.21, 25.89] 6.88 13.26 9.06 [7.30, 10.90]
GoLLIE-7B 50.64 25.07 33.53 [30.65, 36.53] 25.32 12.53 16.77 [14.25, 19.39]
GoLLIE-34B 47.91 26.65 34.25 [30.57, 37.98] 16.98 9.44 12.14 [9.61, 14.79]

Prompting
Gemma4 62.25 49.70 55.27 [51.97, 58.44]⋆ 42.33 33.79 37.58 [33.89, 41.21]⋆
Qwen3.5-9B 48.10 32.01 38.44 [35.13, 41.71] 29.54 19.66 23.61 [20.31, 26.85]
Qwen3.5-27B 56.23 46.80 51.08 [47.92, 54.05] 36.51 30.39 33.17 [30.00, 36.34]
GPT5.6-Sol 56.00 40.40 46.94 [43.19, 50.63] 37.62 27.14 31.53 [28.01, 35.04]

Table 3: Models performance comparison on FoodClimNER (Partial, Strict). Best per metric in bold, second-best
underlined (descriptive). F1 shown as point estimate [95% document-level bootstrap confidence interval (CI)]. ⋆ =
significantly better than all others (paired bootstrap, B=10000)

Entity Type Partial Strict
P R F1 P R F1

Food Consumption Uses 23.81 45.45 31.25 23.81 45.45 31.25
Food Preparation 86.00 65.15 74.14 55.00 41.67 47.41
Food Repertoire 75.00 57.58 65.14 58.77 45.12 51.05
Food Logistics Travel 87.50 58.33 70.00 50.00 33.33 40.00
Food Storage 41.38 60.00 48.98 29.31 42.50 34.69
Food Supply Purchases 52.94 44.55 48.39 36.47 30.69 33.33
Food Waste Management 59.26 66.67 62.75 41.98 47.22 44.44
Climate Greenhouse Gases 71.43 83.33 76.92 57.14 66.67 61.54
Climate Impacts 33.33 21.05 25.81 8.33 5.26 6.45
Climate Mitigations 64.10 45.05 52.91 43.59 30.63 35.98
Climate Problem Origins 63.64 5.15 9.52 45.45 3.68 6.80
Environmental Concern 25.51 67.57 37.04 17.35 45.95 25.19

Table 4: Entity-type performance on FoodClimNER (Partial, Strict) for gemma-4-it-31-B.

Model P R F1
Full prompt 43.47 34.54 38.49
w/o persona 42.26 33.99 37.68
w/o definitions 43.68 30.21 35.71
w/o rules 39.49 32.37 35.58
w/o examples 34.70 28.22 31.13
w/o all 15.71 16.86 16.27

Table 5: Ablation performances of our custom prompt
for gemma-4-31B-it on FoodClimNER (strict evaluation
only).

The most critical component is the set of examples:
removing them causes the largest drop, suggest-
ing that few-shot demonstrations are essential for
the model to correctly delimit and classify enti-
ties. Removing the rules and definitions each cost
around 2.8-2.9 points, indicating that explicit entity
definitions and annotation guidelines meaningfully

help disambiguate borderline cases but are less de-
cisive than concrete examples. The persona compo-
nent has the smallest impact, implying that framing
the model’s role contributes only marginally to the
extraction quality compared to the more content-
bearing parts of the prompt (examples, definitions,
rules). Removing all parts goes back to giving
only the entity type labels to the model, which
drastically reduces its capacity (losing half of its
maximum points for F1-score).

7 Conclusion

We introduced FoodClimNER, a manually anno-
tated NER corpus extracted from 10 open-access
food science and climate change articles, together
with expert-crafted annotation guidelines cover-
ing seven food practice subtypes and six climate
change subtypes, including nested and discontin-
uous mentions. We evaluated two existing base-
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lines (GLiNER, GoLLIE) and a custom zero-shot
prompting method relying on explicit entity type
definitions and examples, using several recent open-
weight and proprietary LLMs.

Our results show that providing full-text defi-
nitions, rather than only entity type labels, sub-
stantially helps zero-shot LLMs on this task:
prompting-based approaches outperform both base-
lines despite using no task-specific fine-tuning.
However, the task remains far from solved. Even
the best model, Gemma 4 31B-it, only reaches a
strict F1 of 38.49 on the full schema. Climate
problem origins in particular prove considerably
harder to recognize than food practice subtypes, in-
dependently of their frequency in the corpus. This
confirms that our expert-defined entity types con-
stitute a genuinely challenging testbed for current
zero-shot NER methods and suggests that gains
on more generic NER benchmarks do not neces-
sarily transfer to expert-defined, domain-specific
schemas such as ours. Although strict span-level
evaluation is challenging, the predictions remain
useful for assisting experts in identifying relevant
text segments for manual review.

We hope FoodClimNER can serve both as a
resource for evaluating future NER methods on
expert-defined, fine-grained schemas with nested
and discontinuous mentions and as a stepping stone
toward downstream applications aiming to detect
emerging, climate change-driven food practices
that could represent future microbiological risks.

8 Limitations

Annotator agreement As we have only one ex-
pert annotating the corpus, we cannot compute an
agreement for the different entities, and the anno-
tation is subject to bias. However, our annotator
has multiple expertise so having another annotator
with a similar expertise was difficult to find in the
limited time we had to develop the corpus.

Discontinuous entities The methods we use do
not handle the discontinuous entities, but they con-
stitute only a small part of the evaluation corpus
(8 %).

Custom Prompt The prompt we developed has
all the expert-defined annotation rules, but we did
not try to optimize it more than this; it could proba-
bly be more detailed. Moreover, we did not try to
change the output prompt format, which can also
influence the performance of the model.

Size of our corpus The size of the corpus is lim-
ited because expert annotation is expensive. So
we use it only to evaluate zero-shot methods, as
there is not enough data to train a model. However,
this is only a first version of the corpus, and we
plan to extend it with additional documents, more
annotations, and better representation of currently
underrepresented or absent entity types, potentially
including other text sources such as press articles
and social media.
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biguous cases. First, we define rules for specific
types of entities, starting with food practices enti-
ties:

• For mentions of "behavior" related to food or
diet, it should be annotated as "Food Reper-
toire" only if the text links these behaviors
explicitly to climate change.

• Food practices must explicitly or implicitly
involve a consumer. Macro-level phenomena,
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chain (e.g., primary production, industrial pro-
cesses), are not considered practices. The con-
sumer must be involved directly when a food
practice is annotated.

• Do not annotate mentions where we can-
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habits); too generic a term is not informative.
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• Do not annotate food items (e.g., meat dishes,
sustainable food) but take care of similar
forms that refer to repertoire and that must
be annotated (e.g., meat-free dishes).

• Food categories (e.g., wild foods, edible in-
sects, organic foods) are not annotated as food
practices unless they are embedded in a con-
sumption or dietary context (e.g., consump-
tion, diet, intake, eating patterns).

• Cognitive constructs are excluded unless they
directly refer to operationalized food prepa-
ration activities or competencies immediately
applied in food acquisition, preparation, or
consumption.

• Include modifiers expressing intensity or di-
rection when a practice is part of the observed
behavioral change (e.g., increase/decrease).

• A practice that includes negation is still a prac-
tice and should be annotated (e.g., "Do not
rinse meat", "Do not pay attention to expira-
tion dates").

Then we also have rules for climate change enti-
ties :

• If a climate hazard is named in more detail
in a text, the entire term is annotated (e.g.,
surface water flood or soil liquefaction).

• For the climate impact entity, vector-borne dis-
eases and other diseases explicitly described
as climate-sensitive are annotated as impacts.
COVID-19 is annotated as an impact only
when the text explicitly establishes a link be-
tween climate change and the pandemic.

• If an increase or decrease in activity reduces
climate change, it should be annotated as a
Climate Mitigation (e.g., "food waste has seen
a notable decrease in volume").

• Transitions, strategies, policies, or transfor-
mations explicitly aimed at the sustainability
of a system should be annotated as climate
mitigation even when climate change is not
explicitly mentioned.

• Environmental concern includes biodiversity,
the ecological footprint, etc. Environmental
concern includes generic or non-actionable
references to sustainability, environmental
awareness, or trends in consumption that do
not describe explicit consumer actions.

A.1 Global rules
• Discontinuous annotation: If a practice is ex-

pressed as a predicate or attribute of diets (e.g.,
be varied, be seasonal), annotate the full con-
ceptual unit of dietary recommendation us-
ing discontinuous spans including the implicit
subject (e.g., diets should), and include all co-
ordinated attributes as separate linked spans.

• Nested annotation: a food practice can have
the same exact boundary as another entity
type. For example, as some practices may
have a mitigating effect on climate change,
they can also be a climate mitigation entity. In
the case of discontinuous mentions, we might
even have some spans that have the same types
for two different discontinuous mentions (but
the other spans composing these mentions will
be different).

B Simplified corpus results

As mentioned in section 3.2, we evaluate on two
versions of our corpus, FoodClimNER (containing
all entity types) and FoodClimNER-simple (aggre-
gating all food practice types into a single type
and all climate change types in a single type as
well). In this section we provide the results of
FoodClimNER-simple in Tables 6 and 7.

Model P R F1
Baselines

GLiNER 33.69 26.06 29.38
GoLLIE-7B 35.39 15.23 21.30
GoLLIE-34B 38.82 17.10 23.74

Custom Prompt
Gemma 4 31B-it 57.91 32.29 41.47
Qwen 3.5-9B 54.91 18.99 28.22
Qwen 3.5-27B 55.67 25.69 35.15
GPT-5.6 Sol 51.35 38.44 43.97

Table 6: Strict micro-averaged metrics on the
FoodClimNER-simple corpus. Best per metric in bold,
second-best underlined.

This time, the results are different from those on
the harder version of the corpus. First, the GLiNER
model performs better than the GoLLIE models.
entity type labels are already sufficient information
because they are easier to apprehend than the more
fine-grained types.

Globally, the models achieve better performance
with these aggregated entity types. We also ob-
serve that GPT-5.6 obtains the best results this time.
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Our custom prompt with more recent models still
beats all the baselines (except for the Qwen 3.5 9B
parameter model, which performs slightly below
GLiNER).

Similarly to the fine-grained type evaluation, per-
formance is higher for food practice entities than
for climate change entities (Table 7).

Entity Type P R F1
Food Practice 56.22 43.98 49.35
Climate Change 41.88 28.93 34.22

Table 7: Strict entity-type performances on
FoodClimNER-simple (Partial, Strict) for gpt-
5.6-sol.

C Compute cost and environmental cost

We measure the number of GPU hours spent on
our experiments and the estimated environmental
cost on our GPU cluster. We spent 1356 GPU
hours (on NVIDIA A100 80 GB GPUs) running all
the open-weight models on the two versions of our
corpus (FoodClimNER and FoodClimNER-simple)
which translates to 8.5 kg CO2e according to the
estimation given by our GPU cluster. We spent $12
for running the experiment with the OpenRouter
API (for the GPT-5.6 Sol model). However, we
do not have any way to compute an environmental
cost for this model.

D Complete Custom Prompt

In Figure 3, we provide the full template filled with
our corpus entity type labels, definitions, examples,
and annotation rules.

6This is the value given by our cluster in normalized V100
equivalent hours, because they attribute GPU hours budgets
depending on the hardware we ask (higher rate for better
GPUs). So for A100 GPUs, hours are counted double so it is
effectively 67.5 A100 hours.
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System prompt

You are a helpful assistant specialized in named entity recognition.

User prompt

Extract all mentions of the declared entities types from the input text in the specified format.

### Entity Types

* climate_greenhouse_gases
- Definition: Gases that cause heating of the atmosphere.
- Examples: carbon dioxide, CH4, GHG emission

* climate_hazards
- Definition: Hazards with potential negative impact on climate. Where a hazard is named in more detail in a text, the

entire term is annotated.
- Examples: floods, wildfires, droughts, heatwaves, surface water flood, soil liquefaction

* climate_impacts
- Definition: Effects of hazards, primarily negative effects on humans. Climate impacts on livestock are also

considered impacts, as they indirectly affect humans. COVID-19 is annotated as impact only when the text explicitly
establishes a link between climate change and the pandemic.

- Examples: Vector-borne diseases, diseases explicitly described as climate-sensitive
* climate_mitigations

- Definition: Activities to reduce climate change or to better deal with the consequences. If an increase or decrease
in activity reduces climate change, it should be annotated. Transitions, strategies, policies, or transformations
explicitly aimed at the sustainability of a system should be annotated even when climate change is not explicitly
mentioned.

- Examples: food waste reduction, transitions aimed at sustainability, strategies aimed at sustainability, policies
aimed at sustainability

* climate_problem_origins
- Definition: Problems that describe why the climate is changing. Sectors cited as causes of energy use are also

annotated as problem origins.
- Examples: fossil fuel, deforestation, transport sector

* environmental_concern
- Definition: An intermediate/residual category within the environmental sphere for which the link to climate is not

established or direct. It does not specifically refer to climate change. Includes generic or non-actionable
references to sustainability, environmental awareness, or trends in consumption that do not describe explicit
consumer actions.

- Examples: biodiversity, ecological footprint, pollution, water
* food_consumption_uses

- Definition: Covers consumption practices related to eating and meals.
- Examples: portion sizes, choice of utensils

* food_culinary_preparation
- Definition: All attitudes and practices related to food preparation and cooking. It also includes skills and actions

that we perform when cooking.
- Examples: raw food diets, water conservation during cooking, reducing energy consumption in cooking, minimizing waste

during preparation
* food_repertoire

- Definition: Covers practices and factors related to food choices (in terms of quality or quantity) that may or may
not be part of an individual's diet. Mentions of behaviour related to food or diet should be annotated only if the
text links these behaviours explicitly to climate change.

- Examples: meat consumption, food choices
* food_logistics_travel

- Definition: Includes pre-purchase practices and travel to the place of purchase.
- Examples: checking existing resources before shopping, meal planning, using low-carbon transportation to go grocery

shopping
* food_storage

- Definition: Covers food storage practices after purchase and before preparation.
- Examples: choice of packaging, adherence to expiration dates, disregard of expiration dates, preservation techniques

* food_supply_purchases
- Definition: Covers purchasing practices (product selection, choice of retail locations, interactions with marketing)

as well as non-market procurement strategies.
- Examples: product selection, choice of retail locations, interactions with marketing, self-production

* food_waste_management
- Definition: Covers practices that take place after a meal, with consideration for the end of a food item's life cycle.

- Examples: storing leftovers, composting, sorting food waste, expiration date reasoning

### Global Annotation Conventions

- Discontinuous annotation: if a practice is expressed as a predicate or attribute of diets (e.g. be varied, be seasonal),
annotate the full conceptual unit of dietary recommendation using discontinuous spans including the implicit

subject (e.g. diets should), and include all coordinated attributes as separate linked spans.
- Nested annotation: a food practice can have an exact boundary as another entity type. For example, as some practices

may have a mitigating effect on climate change they can also be a climate mitigation entity. In the case of
discontinuous mentions, we might have some spans that have the same types for two different discontinuous mentions
(but the other spans composing these mentions will be different).

### Food Practices General Guidelines
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- Food practices must explicitly or implicitly involve a consumer. Macro-level phenomena, or those occurring downstream
in the food chain (e.g., primary production, industrial processes), are not considered practices. The consumer must
be involved directly when a food practice is annotated.

- Do not annotate mentions where we cannot identify a clear practice (e.g. consumer habits) -- a too generic term is not
informative.

- Do not annotate food items (e.g. meat dish, sustainable food) but take care of similar forms that refer to repertoire
and that must be annotated (e.g. meat-free dishes).

- Food categories (e.g., wild foods, edible insects, organic foods) are not annotated as food practices unless they are
embedded in a consumption or dietary context (e.g. consumption, diet, intake, eating patterns).

- Cognitive constructs are excluded unless they directly refer to operationalized food preparation activities or
competencies immediately applied in food acquisition, preparation, or consumption.

- Include modifiers expressing intensity or direction when a practice is part of the observed behavioral change (e.g.,
increase/decrease).

- A practice that includes negation is still a practice and should be annotated (e.g. "Do not rinse meat", "not pay
attention to expiration dates").

### Output Format

Return a JSON object where each key is an entity type and the value is a list of all mentions of that entity type found
in the text.

Example:
“‘json

{
"entity_type1" : [

"mention_type1_1",
"mention_type1_2",
"..."

],
"entity_type2" : [

"mention_type2_1",
"..."

],
"..."

}

“‘

Return only valid JSON, no additional text.

### Input Text

“‘txt
{input_text}
“‘

Figure 3: Prompt used for LLM-based named entity recognition on the FoodClimNER corpus.
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