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Abstract

Communication aiming to persuade an audi-
ence uses strategies to frame certain entities in
‘character roles’ such as hero, villain, victim,
or beneficiary, and to build narratives around
these ascriptions. The Character-Role Frame-
work is an approach to model these narrative
strategies, which has been used extensively in
the Social Sciences and is just beginning to
get attention in Natural Language Processing
(NLP). This work extends the framework to sci-
entific editorials and social media texts within
the domains of ecology and climate change.
We identify characters’ roles across expanded
categories (human, natural, instrumental) at the
entity level, and present two annotated datasets:
1,559 tweets from the Ecoverse dataset and
2,150 editorial paragraphs from Nature & Sci-
ence. Using manually annotated test sets, we
evaluate four state-of-the-art Large Language
Models (LLMs) (GPT-40, GPT-4, GPT-4-turbo,
LLaMA-3.1-8B) for character-role detection
and categorization, with GPT-4 achieving the
highest agreement with human annotators. We
then apply the best-performing model to auto-
matically annotate the full datasets, introducing
a novel entity-level resource for character-role
analysis in the environmental domain.

1 Introduction

There is a long history in the literature demonstrat-
ing how stories are central to how humans under-
stand and communicate about the world, with lan-
guage playing a key role in constructing and deliv-
ering specific messages (Armstrong and Ferguson,
2010; Polkinghorne, 1988). This is particularly
important when examining linguistic representa-
tions of climate change (CC) and environmental
issues (Wolters et al., 2021; Stibbe, 2015, 2021;
Jones et al., 2022). Studies from various disci-
plines, such as ecolinguistics (Fill and Muhlhausler,
2006; Alexander and Stibbe, 2014), political and
social sciences (Nerlich et al., 2010; Grundmann
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and Krishnamurthy, 2010), have demonstrated how
environmental and CC narratives are crucial in un-
derstanding how individuals and entities like gov-
ernments and media interpret and relate to eco-
logical issues and the natural world and as a con-
sequence, how they behave towards them (Flgt-
tum and Gjerstad, 2017). The linguistic construc-
tion of entities as social actors in these ’stories’
can reveal the author’s framing choices and com-
municative intent (Hulme, 2015). For instance,
“Expanding oil drilling operations will boost eco-
nomic growth and create thousands of jobs in strug-
gling communities” frames oil drilling positively,
emphasizing economic benefits while downplay-
ing environmental concerns. The Character-Role
Framework — introduced by Gehring and Grigoletto
(2023) and drawing on the Narrative Policy Frame-
work (NPF) (Jones and McBeth, 2010; Jones, 2018)
— is based on the premise that framing entities in
specific roles (hero, villain, victim, beneficiary) is
key to understanding a narrative’s intent and poten-
tial effects. While prior work using this framework
has primarily appeared in social and political sci-
ences (Bergstrand and Jasper, 2018; Wolters et al.,
2021), its adaptation to Natural Language Process-
ing (NLP) tasks remains limited. Existing studies
have either focused on policy narratives (Gehring
and Grigoletto, 2023) or explored related tasks like
character-role extraction (Stammbach et al., 2022)
focusing on a higher-level analyses (e.g. at the
paragraph-level). Moreover, Frermann et al. (2023)
extended framing analysis to the document-level
by integrating narrative media framing with en-
tity roles. In this paper, we extend and adapt the
Character-Role Framework to investigate CC and
environmental narratives. Specifically, we focus on
identifying characters across three categories (hu-
man, instrumental, natural) and four roles (hero, vil-
lain, victim, beneficiary) at the entity level, apply-
ing the framework to both scientific editorials and
social media. To achieve this, we first created two
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manually annotated test sets: (i) 150 CC-related
scientific editorial paragraphs from Nature and Sci-
ence (Stede et al. (2023)) and (ii) 300 tweets from
the Ecoverse dataset (Grasso et al., 2024a), cover-
ing a wide range of environmental topics. Char-
acters were identified and roles assigned based on
linguistic cues, subsequently categorized as human,
instrumental, or natural - a category newly intro-
duced in this work. We evaluated four Large Lan-
guage Models (LLMs) (GPT-40, GPT-4, GPT-4-
turbo, and Llama-3.1-8B) as additional annotators
to measure alignment with human annotations. We
subsequently applied the best-performing models
to larger datasets, resulting in 1,559 tweets and
2,150 editorial paragraphs annotated for further
analysis. Our contributions are fivefold: (i) We of-
fer a novel approach for analyzing CC and environ-
mental texts using the Character-Role Framework
across social media and scientific editorials. (ii)
We extend the framework by adopting a bottom-up
entity-level approach and introducing the “natu-
ral” character category. (iii) We release two new
annotated datasets for narrative analysis in this do-
main. (iv) We evaluate LLMs on the entity-level
character-role detection and categorization tasks,
marking a significant advancement for this frame-
work in NLP!. (v) We conduct a qualitative error
analysis of model misclassifications and provide
preliminary insights into emerging narrative pat-
terns.

2 Theoretical Background

The Character-Role Framework, introduced by
Gehring and Grigoletto (2023), builds on founda-
tional work in climate change (CC) narratives, such
as those by Flgttum and Gjerstad (2017, 2013)2.
Their theoretical and methodological framework
applies the concept of policy narrative from the Nar-
rative Policy Framework (NPF) (Jones, 2018) to
CC discourse, recognizing the role of ’stories’ used
to communicate and discuss CC issues in shaping
opinions and behaviors. This aligns with tradi-
tions in ecolinguistics and ecocriticism, which em-
phasize the importance of studying how language

shapes perceptions, behaviors, and actions regard-

'The code, the complete set of prompts and
the anonymized datasets are available in this
repository: https://github.com/stefanolocci/
Character-Role-Narrative-Framework-LLMs.

We are aware of the huge body of literary-science-oriented
research on narratology, in the tradition of Propp and Bakhtin,
but for reasons of space we do not make a comparison here
but limit ourselves to the more social-science-related view.
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ing environmental issues (Stibbe, 2015, 2021; Fill
and Muhlhausler, 2006). The NPF adopts a struc-
turalist approach to narrative and posits that they
can be generalizable and have an identifiable struc-
ture and measurable elements (e.g., characters, set-
ting) (Jones et al., 2022). Among the narrative
components, “characters” play a prominent role
in that they determine and are determined by the
“plot”. Key character roles include: (i) victims, who
are harmed or at risk of harm; (ii) villains, respon-
sible for causing harm; (iii) heroes, who work to
resolve the harm; and (iv) beneficiaries, who gain
from the events described. Gehring and Grigoletto
(2023) further distinguish characters as either hu-
man (individuals or entities made up of people)
or instrumental (abstract entities like policies or
laws). Narratives are categorized as either simple
(involving a single character) or complex (involv-
ing multiple characters). This framework theory
and the assumption on which it is based can be
easily extended and applied to other communica-
tive units, such as social media and scientific com-
munication, as each communicative act entails a
rather specific (more or less overt) communicative
intention. In environmental narratives, any entity
can take on the role of a character (Gehring and
Grigoletto, 2023): framing institutions, natural en-
tities, or even concrete objects in specific roles can
influence perceptions, preferences, and actions to-
wards these entities or events. For example, Kuha
(2017) highlights the crucial role of linguistic cues
in shaping how language users represent both them-
selves and other social actors, especially in terms
of agency and responsibility.

3 Related Work

Character Roles, Narratives, and Related Tasks
The study of environmental narratives has tradition-
ally been rooted in the Humanities, for instance
in fields such as Ecolinguistics and Ecocriticism
(Alexander and Stibbe, 2014; Stibbe, 2015, 2021).
Much research specifically on climate change (CC)
narratives has been situated in the Political and
Social Sciences, sometimes using the Narrative
Policy Framework (NPF) to analyze topics like
the political discourse on environment (Peterson,
2021), COVID-19 narratives (Peterson et al., 2021)
or economy reports (Goldberg-Miller and Skaggs,
2022). There is only little work in the NLP field
on ecology-oriented corpora so far (Grasso et al.,
2024a; Bosco et al., 2023), but CC-related topics
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have recently gained traction within the NLP com-
munity (Stede and Patz, 2021; Grasso et al., 2024b;
Stammbach et al., 2024). Recent work has explored
character-role extraction in NLP, such as identify-
ing villain roles using rule-based approaches and
BERT (Klenner et al., 2021) or extracting character
roles via zero-shot question-answering (Stamm-
bach et al., 2022). In the context of CC narra-
tives, Gehring and Grigoletto (2023) applied the
character-role framework to US policy discourse
on Twitter, focusing on economic narratives and
a narrow character set at the tweet level. Beyond
social-media and short-text analysis, Zhou et al.
(2024) used LLMs to analyze CC narratives ex-
tracting latent moral messaging from North Ameri-
can and Chinese news. Our work extends this line
of research by introducing entity-level annotations
across multiple roles and categories, thus offering
a broader and more fine-grained analysis of envi-
ronmental narratives. The character-role task bears
similarities to the field of entity-level sentiment de-
tection (Rgnningstad et al., 2023), where linguistic
indicators like polarity-inducing verbs or modifiers
are used to determine whether a certain entity is
being portrayed positively or negatively.

LLMs and the CC/Environment Domain In
the wider field of applying NLP to the CC and envi-
ronment domain, notable contributions include Bu-
lian et al. (2023) and Zhu and Tiwari (2023), who
propose evaluation frameworks for analyzing LLM
responses to CC topics. Koldunov and Jung (2024)
developed a prototype tool using LLMs to provide
localized climate-related data, while Leippold et al.
(2024) created an Al tool for fact-checking CC
claims utilizing LLLMs. Thulke et al. (2024) in-
troduced a family of domain-specific LLMs de-
signed to synthesize interdisciplinary research on
CC. Grasso and Locci (2024) assessed the perfor-
mance and self-evaluation capabilities of different
LLMs in classification tasks within the CC and
environmental domain, while Grasso et al. (2025)
proposed a novel framework for assessing anthro-
pocentric bias in LLM-generated texts. Fore et al.
(2024) experimented with LL.Ms for CC topics,
finding that, while effective with fine-tuning, to
ensure accuracy they require safeguards against
misinformation.

4 Dataset Creation and Annotation

This section outlines how we applied, adapted, and
extended the Character-Role Framework by adopt-
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ing a novel bottom-up approach. We focus on build-
ing two manually annotated datasets for character-
role detection within CC and environmental nar-
ratives. These datasets will serve as test sets for
evaluating the performance of the LLMs before
expanding to create the final, larger datasets.

4.1 NatSciEdCC and Ecoverse

We did not aim to restrict the scope of our inves-
tigation to a specific (sub)domain or a limited set
of possible entities (which we refer to as a top-
down approach), as we believe that relying on key-
words or predefined lists could limit the diversity of
characters discovered in a broader environmental
domain. Instead, our goal was to capture a more
heterogeneous and comprehensive set of character-
roles, even if it might increase the complexity of
the task and pose challenges to both human anno-
tation and models’ performance. To still ensure
domain consistency while maintaining diversity,
we used two datasets that cover various subtopics
and discussions related to CC and environmental
issues:

(i) The NatSciEdCC corpus (Stede et al., 2023)
consists of 490 plain text files from Nature and Sci-
ence editorials related to climate change. The texts
are segmented into single paragraphs of varying
lengths and annotated with multiple dimensions,
including topicality (CC relevance) and frame cod-
ing.

(i1) Ecoverse (Grasso et al., 2024a) is a dataset of
3,023 tweets covering various environmental top-
ics, including CC. It is annotated for eco-relevance,
environmental impact, and the author’s stance to-
ward environmental causes (supportive, neutral, or
skeptical/opposing). The dataset is openly avail-
able under a CC BY-SA 4.0 license.

4.2 Data Cleaning and Dataset Creation

Our goal was to create two datasets that contain
rich and diverse narratives, focusing on texts with
well-defined narrative elements while minimizing
overly vague or noisy content. Given the heteroge-
neous nature of the language in Ecoverse tweets,
ranging from formal news sources to informal user
posts, and the structured language of scientific edi-
torials, we applied tailored filtering steps to ensure
meaningful and balanced content for analysis.
Filtering Ecoverse To maximize narrative diver-
sity and reduce noise, we applied the following
filtering steps: (i) Tweets unrelated to environmen-
tal or climate change (CC) topics were excluded,



based on pre-existing eco-relevance annotations.
(i) To minimize the inclusion of overly hashtag-
heavy tweets, which tend to lack substantial con-
tent, we removed tweets containing more than three
hashtags. From the resulting set, we selected 300
tweets for manual annotation. To ensure diversity,
we randomly sampled: (i) 180 tweets from environ-
mental publications and news outlets (e.g., National
Geographic, New York Times); (ii) 120 tweets from
individual users, equally divided into 60 support-
ive tweets and 60 skeptical/opposing tweets. After
combining these selections, we shuffled them to
create a diverse dataset for manual annotation.
Filtering NatSciEdCC Similarly, for scientific
editorials, we applied the following steps to ensure
meaningful and balanced content: (i) We excluded
extremely short paragraphs (fewer than 24 tokens)
to focus on texts with sufficient narrative structure
for analysis. (ii) We selected paragraphs with the
highest topicality scores related to CC, based on ex-
isting annotations. (iii) To capture a broad spectrum
of narrative tones, we performed sentiment anal-
ysis (Hutto and Gilbert, 2014) on the paragraphs
and selected the 50 most positive, 50 most nega-
tive paragraphs, and 50 with mid-range sentiment.
This ensured a balanced dataset of 150 paragraphs.
Given that paragraphs are significantly longer than
tweets—often two to four times the length—we
determined that a dataset of 150 paragraphs would
be sufficient for manual annotation and analysis.

4.3 Dataset Annotation

4.3.1 Character Definition

As Gehring and Grigoletto (2023) note, any entity
can be a character in a narrative, making it useful to
distinguish broader categories. To adapt our analy-
sis to different text types (social media and editori-
als) and a wider range of ecological topics beyond
climate change policy discussions, we expanded
previous definitions of characters. In addition to
“human” and “instrumental” characters, we intro-
duced a novel third category—natural characters.
This decision is informed by ecolinguistics (Stibbe,
2015, 2021; Fill and Muhlhausler, 2006), which
shows how natural elements are often personified
or attributed with agency in everyday language.
Language use frequently constructs natural en-
tities as sentient or volitional, as seen in expres-
sions in our datasets such as “nature destroys” “the
forest heals”, “the land is threatened™, “rivers are
stressed”. These strategies also hide the true human
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agents behind these processes (Kuha, 2017). Rec-
ognizing this, the inclusion of natural characters
enriches our analysis and opens possibilities for
future ecocritical discourse analysis, where the use
of such verbs and agency can be further examined.

Thus, our final character categories include:

e Human Characters: Individuals or groups (e.g.,
corporations, governments, organizations) whose
actions, inactions, or beliefs significantly influence
the narrative.

o Instrumental Characters: More abstract enti-
ties (e.g., policies, laws, technologies) or human-
driven processes (e.g., “urbanization”, “deforesta-
tion”) that play key roles in the narrative and are
produced or initiated by human characters.

e Natural Characters: Non-human entities (e.g.,
soil, oceans, animals) and natural phenomena (e.g.,
“climate change”, “pandemics”) when they are por-
trayed as playing an active or passive role in the
narrative.

4.3.2 Task Description and Guidelines

The task and guidelines were consistent across both
tweets and editorial paragraphs, with slight adjust-
ments made during the annotation process to ac-
commodate the differences in text types. Unlike
Gehring and Grigoletto (2023), who annotated at
the tweet level, we opted for a finer granularity by
annotating at the entity level.

Guidelines Annotators received detailed guide-
lines?, which mirrored the prompts later used for
LLMs. These were based on the character-role def-
initions from Gehring and Grigoletto (2023) but
tailored to the different text types. Annotators were
tasked with identifying prominent characters by
assigning them one of four roles: Hero, Villain,
Victim, or Beneficiary. Linguistic indicators such
as polarized or action-driven words — modifiers,
verbs — (e.g., “heal”, “save”) helped determine
roles. For editorials, where language can be more
subtle, annotators also considered the ’overall sen-
timent’ towards an entity when linguistic cues were
not directly adjacent. Annotation proceeded sen-
tence by sentence, and annotators paid attention to
role shifts, where a character’s role could evolve
within a sentence or paragraph. They were in-
structed to focus on the author’s communicative in-
tent and avoid assumptions based on external world
knowledge. Only nouns or noun phrases were el-
igible for labeling, including pronouns like “we”,

3Guidelines of both character-role and character catego-
rization tasks are provided in Appendix A.3.



which often reflect social actors portraying them-
selves. This was particularly relevant in tweets,
where first-person pronouns are frequently used
to express personal ideas. Below are examples of
tweets (1)-(2) and editorials (3) with expected an-
notations, following the guidelines, with villains in
burgundy red, heroes in green, victims in orange,
and beneficiaries in blue.
() Jace existential threats from
climate change and overfishing—but also from
habitat theft, as the penguins use guano for nesting
while humans covet it for fertilizer.
(2) With #climate change impacting ,
offer promising solu-

tions, including reducing greenhouse gas emissions.
However, the focus on profit over #sustainability
risks livelihoods & the .
(3) US President Donald Trump is promoting a
retrograde energy agenda and has vowed to pull
the out of the . Still,
despite their efforts, Trump’s allies have been un-
successful in stopping the rise of

, while local communities are benefiting
from this.

4.3.3 Annotation Process

The annotation process consisted of two consec-
utive phases: (i) character-role annotation for the
datasets of 300 tweets and 150 editorial paragraphs,
and (ii) character categorization for a subset of
these annotations. In the second phase, 50 tweets
and 50 editorial paragraphs were selected for cate-
gorizing entities into three categories: human, in-
strumental, and natural. Both annotation tasks were
carried out using the Label Studio open-source data
labeling tool*, with a NER template and a tailored
labeling setup.

Character-Role Annotation The primary
character-role annotation task was conducted by
two annotators, both part of the same research team.
One is an author of this paper. One annotator self-
identified as a male social scientist, and the other
as a female linguist. To ensure consistency and a
shared understanding of the guidelines, an iterative
two-step training process was undertaken. Initially,
the two annotators performed a pilot annotation on
a secondary dataset of 20 tweets and 15 editorial
paragraphs (with the same distribution as in the
main datasets). After completing the annotation,
the annotators compared their results, discussed
disagreements and differing interpretations, and

*https://labelstud.io
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worked together to refine the guidelines where nec-
essary. This process was repeated until both an-
notators were confident in applying the guidelines
consistently. Following the pilot phase, the annota-
tors began work on the main datasets, annotating
two initial batches of 50 tweets and 20 paragraphs
respectively. After these batches, we monitored
the Inter-Annotator Agreement (IAA) to measure
consistency. Annotators discussed any problematic
cases and further refined the guidelines accordingly.
Once most issues were addressed, the annotation
of the remaining tweets and paragraphs continued
without the need for further discussion sessions.

Categorization Task The second annotation
task involved assigning one of the three character
types - human, instrumental, natural - to previously
labeled entities. A third annotator, a student mem-
ber of our research group who self-identified as
non-binary, was provided with task-specific guide-
lines. This annotator worked on a subset of 50
tweets and 50 paragraphs previously annotated for
character/roles, containing respectively 101 and
373 labeled entities. This subset was chosen based
on agreement between the two annotators in the
first task to ensure higher consistency. The deci-
sion to use only a subset was made because, despite
the reduced number of texts, each paragraph and
tweet contained a significant number of annotated
entities. Moreover, this task was deemed relatively
objective, so only one annotator was used. Table 8
in Appendix A.1 reports the label distribution for
this task. Both character-role annotated datasets
and character categorization subsets were then used
to instruct the LL.Ms for automatic character-role
detection and categorization, as discussed in Sec-
tion 5.

4.4 TAA and Datasets Statistics

To measure the agreement between the two annota-
tors, we treated the character-role task as a Named
Entity Recognition (NER) task, taking into account
two elements: the text spans of each annotated
entity within the text unit (either a paragraph or
a tweet) and the label assigned to that text span.
Agreement was achieved if the two annotators an-
notated the same entity with either an identical text
span or overlapping text spans (e.g., “the Presi-
dent” vs. “President’”). We used Precision, Recall,
and F1-score to calculate the agreement, as these
metrics account for both span overlap and label
consistency (Brandsen et al., 2020; Hripcsak and
Rothschild, 2005).
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* TAA Tweets (300): Precision = 0.80, Recall =
0.73, F1-score = 0.76.

* IAA Editorial Paragraphs (150): Precision:
0.81, Recall: 0.87, Fl-score: 0.84

Detailed comments and insights on disagree-
ments are reported in Section 6. Table 1 reports the
label distribution among annotators throughout the
datasets. Table 7 in Appendix A.1 report datasets
statistics.

Tweets Editorials
Label
Al A2 GPT4 Al A2 GPT4

Hero 187 216 273 311 285 256
Beneficiary 199 175 177 163 73 55
Villain 112 166 210 285 290 280
Victim 82 87 179 135 143 172
Total labels 580 644 839 894 791 763

Table 1: Label Distribution for Tweets and Editorials
test sets for A1, A2 and best model (Al: Annotator 1,
A2: Annotator 2).

5 Experiments with LLMs: Methodology
5.1

We aimed to evaluate the performance of large
language models (LLMs) on the previously unex-
plored tasks of entity-level character-role detec-
tion and character categorization. The main advan-
tage of using LLMs is their ability to perform well
with less task-specific training data, as they are
pretrained on vast amounts of text. Additionally,
LLMs have performed well in similar tasks such
as NER (Wang et al., 2023; Villena et al., 2024).
However, they are also susceptible to hallucina-
tions, where they generate outputs not grounded
in the input data (Mittal et al., 2024). Therefore,
we employed careful prompt engineering and iter-
ative testing to optimize their performance in this
highly subjective and complex task. We experi-
mented with the following LLMs, covering both
closed and open models: GPT-40°; GPT-4-turbo;
GPT-4 (ct al., 2024); Llama-3.1-8B°.

Our methodology for the models’ classification
experiments proceeded in three phases: (i) an Ex-
ploratory Phase to refine prompt design and model
setup, (ii) an Exploitation Phase to assess model
performance against human annotators, and (iii)
Classification Phase to apply the best-performing

Motivation and Models Employed

5https ://openai.com/index/hello-gpt-40/
®https://1lama.meta.com/
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model and optimal setting across larger datasets of
tweets and editorials.

5.2 Exploratory Phase: Prompt Design

The clarity of prompts is crucial for generating
accurate outputs in classification tasks (Deldjoo,
2023). Given that small adjustments in prompts
or model settings (e.g., temperature) can signifi-
cantly impact results, we conducted exploratory
experiments to refine both the prompts and model
setup. Character-role Task We tested a zero-shot
setting on a small sample of 5-7 textual units for
each text type (paragraphs and tweets), iterating
through different prompt strategies across models
(GPT-4, GPT-40, GPT-4-turbo, and Llama-3.1-8B-
Instruct)’. This allowed us to monitor output vari-
ations and refine the prompts accordingly. The
prompts closely mirrored the guidelines provided
to human annotators, and we also experimented
with different output formats. By the end of this
phase, we finalized the best prompt format for each
model. To ensure consistency with human annota-
tions, we used an in-line tag annotation format.

Character Categorization Task Given the sim-
pler nature of the character categorization task,
we directly applied a few-shot setting, leveraging
insights from the main task’s exploratory phase.
The output format remained consistent with the
character-role detection task, using in-line tagging
for the category names.

Some examples of the prompts used are pro-
vided in Appendix A.4, while the complete set of
prompts, including all versions for all the LLMs,
can be found in the GitHub repository linked ear-
lier.

5.3 Experimental Setup

We conducted the experiments on the Paperspace
platform®, utilizing a configuration that includes
an NVIDIA P6000 24GB GPU, 30GB of RAM,
and a 8-core CPU. We employed the Hugging-
face Pipeline abstraction® to load the Meta-Llama-
3.1-8B-Instruct. For the GPT models, we utilized
OpenAT’s APIs'?. After conducting a qualitative
manual analysis of responses generated at various
temperature settings (ranging from 0.1 to 0.9), we

"We also experimented with Llama-2-13B, but it frequently
hallucinated, so we excluded it from further testing.

8https ://www.paperspace.com/

*https://huggingface.co/docs/transformers/
main_classes/pipelines

10https: //openai.com/blog/openai-api
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determined that a value of 0.2 provided the best
balance between coherence and adherence to the
prompts.

5.4 Exploitation Phase

After the prompts and parameters optimization, we
conducted the main experiment to compare the per-
formance of the LLMs against human annotators.
Character-role task We tested three prompt set-
tings: (i) zero-shot, (ii) one-shot, and (iii) few-shot.
Each model’s performance was evaluated on the
300-tweet and 150-editorial test sets, measuring
agreement with the two human annotators using
Precision, Recall, and F1-score. The best F1-scores
were achieved by GPT-4 with the few-shot setting
for tweets (0.65) and the one-shot setting for edito-
rials (0.70). Full agreement results for all settings
and models are presented in Tables 2 and 3.

Tables 1 and 7 provide a comparison of GPT-4
label distribution and statistics against human an-
notations. Section 6 discusses the results and offers
insights into the models’ classification errors.
Character Categorization Task We tested the
models in a few-shot setting on 50 tweets and
50 paragraphs manually annotated by Annotator 3.
The task was to predict the correct character cate-
gory (human, instrumental, or natural) for each pre-
viously labeled entity. The best-performing model
was GPT-4o for tweets (F1: 0.88), and GPT-40 and
GPT-4-turbo for paragraphs (F1: 0.78). Full per-
formance metrics for all models (Precision, Recall,
and F1-score) can be found in Table 4.

5.5 Classification Phase

In the final phase, we applied the best-performing
model, GPT-4, in a few-shot configuration for
character-role classification to automatically label
two larger datasets: the 1,259 eco-related tweets
from the Ecoverse dataset and an additional 2,000
editorial paragraphs from NatSciEdCC. The selec-
tion of these 2k paragraphs followed the same cri-
teria used for the creation of the 150-paragraph
test set, as detailed in Section 4.2. The aim was
to scale the character-role detection process and
create two fully annotated datasets. After merg-
ing the test sets with these new annotations, we
obtained: (i) a 1,559-tweet dataset and (ii) a 2,150-
editorial paragraph dataset. Finally, we applied
the best-performing model for character catego-
rization, GPT-4o, to label all characters in both
datasets, assigning them one of three categories:
human, instrumental, or natural. Table 5 shows the
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role distribution among these categories, and Table
6 provides the dataset statistics.

6 Results and Discussion

As shown in Tables 2 and 3, GPT-4 generally out-
performed the other models, while Llama-3.1-8B
showed the lowest agreement, particularly strug-
gling with longer paragraphs, where it tended to
hallucinate. GPT-40 delivered strong results for ed-
itorial paragraphs. For tweets, the few-shot setting
yielded the best results (F1: 0.60 for Annotator 1
and F1: 0.65 for Annotator 2), while editorials saw
the highest score in the one-shot setting (F1: 0.70).
GPT-40 also showed high precision in zero-shot
settings for editorials. Interestingly, in GPT-40 ex-
periments, the one-shot setup performed slightly
better the few-shot one in both editorial and tweet
tasks (F1: 0.70 vs. F1: 0.66 for editorials, F1: 0.59
vs. F1: 0.52 for tweets). This may indicate that
providing fewer examples helps the model general-
ize better, avoiding overfitting and inconsistencies.
Models consistently aligned more with Annotator
2 for tweets, with minimal differences in editori-
als. Interestingly, GPT-40 aligned more closely
with Annotator 1 in editorials. Overall, models
performed better in recognizing character-roles in
editorials, likely due to their structured and homo-
geneous nature.

6.1 Disagreements Analysis

To better understand the areas of disagreement, we
have to distinguish two levels: (i) disagreement
on text spans, where one annotator recognized a
character and the other did not (i.e., presence/ab-
sence), and (i1) disagreement on labels for the same
text span, where both annotators agreed on the en-
tity but assigned different roles. For instance, in
tweets, more than half of the disagreements be-
tween GPT-4 and Annotator 2 (522 instances) re-
sulted from mismatched labels, while fewer dis-
agreements (452) stemmed from mismatched text
spans. This indicates that while role assignment
may be subjective, the model effectively identified
prominent characters. Importantly, we observed
that disagreements between human annotators and
between humans and models often arose from sim-
ilar challenges. Reliance on world knowledge:
Both models and annotators sometimes relied on
external world knowledge rather than strictly fol-
lowing the author’s intent. For example, GPT-4
and Annotator 1 labeled “fossil fuel companies”



Model Setting Annotatorl Annotator2
Precision Recall Fl-score Precision Recall F1-score
one-shot 0.52 0.64 0.57 0.57 0.68 0.62
GPT-4 zero-shot 0.48 0.61 0.54 0.54 0.66 0.59
few-shot 0.52 0.72 0.60 0.57 0.76 0.65
one-shot 0.48 0.62 0.54 0.53 0.67 0.59
GPT-40 zero-shot 0.44 0.58 0.50 0.50 0.65 0.56
few-shot 0.47 0.59 0.52 0.53 0.65 0.58
one-shot 0.53 0.55 0.54 0.57 0.57 0.57
GPT-4-Turbo zero-shot 0.46 0.34 0.39 0.51 0.37 0.43
few-shot 0.52 0.63 0.57 0.55 0.65 0.60
one-shot 0.41 0.44 0.42 0.45 0.46 0.45
Llama3.1 zero-shot 0.37 0.27 0.31 0.44 0.32 0.37
few-shot 0.37 0.65 0.47 0.40 0.68 0.51

Table 2: Models Performance on Tweets test set in terms of IAA with human annotators.

Model Setting Annotatorl Annotator2
Precision Recall F1-score Precision Recall F1-score
one-shot 0.73 0.54 0.62 0.85 0.59 0.70
GPT-4 zero-shot 0.75 0.49 0.59 0.88 0.55 0.68
few-shot 0.72 0.61 0.66 0.78 0.59 0.67
one-shot 0.71 0.55 0.62 0.86 0.58 0.69
GPT-40 zero-shot 0.79 0.42 0.55 0.89 0.53 0.66
few-shot 0.73 0.61 0.67 0.82 0.55 0.66
one-shot 0.66 0.51 0.58 0.80 0.49 0.61
GPT-4-Turbo zero-shot 0.69 0.37 0.48 0.85 0.38 0.53
few-shot 0.66 0.67 0.66 0.72 0.62 0.67
one-shot 0.61 0.52 0.56 0.68 0.33 0.44
Llama3.1 zero-shot 0.64 0.25 0.36 0.76 0.42 0.54
few-shot 0.56 0.64 0.60 0.65 0.57 0.61

Table 3: Models Performance on Paragraphs test set in terms of IAA with human annotators.

Model Precision Recall F1-score
Tweets 50 test set

GPT4 0.86 0.89 0.87
GPT-40 0.86 0.90 0.88
GPT-4-Turbo 0.77 0.79 0.78
LLama3.1 0.63 0.75 0.68
Editorials 50 test set

GPT-4 0.76 0.76 0.76
GPT-40 0.76 0.79 0.78
GPT-4-Turbo 0.77 0.79 0.78
LLama3.1 0.65 0.65 0.65

Table 4: Model performance on the categorization task
for the 50-tweet and 50-editorial paragraph datasets
(few-shot setting).

as villains, likely due to their general environmen-
tal impact, and “poor countries” as victims, possi-
bly influenced by the linguistic cue “poor”, even
when the narrative did not explicitly frame them
as such. Subtle framing of characters: Some en-
tities played subtle yet important roles, making it
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difficult to decide whether to annotate them. Mod-
els, especially in tweets, tended to over-annotate
compared to humans (as seen in Tables 1 and 7),
though this over-annotation followed consistent pat-
terns. For instance, in a tweet calling Croatia a “re-
markable biodiversity hot spot”, the model labeled
Croatia as a beneficiary, or in “we can develop
#green habits”, it labeled “green habits” as a hero.
However, model and human alignment was much
closer in editorials, with GPT-4’s label distribution
closely matching Annotator 1 and 2. Role ambigu-
ity: Some entities played multiple roles within the
same text. For example, “endangered species” in a
tweet could be labeled as victims of habitat destruc-
tion but also as beneficiaries of conservation efforts.
Finally, calculation strategy also influenced dis-
agreement rates. Partial overlap of text spans (e.g.,
"the president” vs. “president of the USA") was not
counted as an agreement, though they referred to
the same entity.



Tweets Editorials
Label
Tot Human Instr. Natural Tot Human Instr. Natural
Hero 722 295 271 156 3906 2013 1596 297
Victim 989 301 223 465 1974 931 511 532
Villain 693 275 259 159 2599 843 1192 564
Beneficiary 898 340 168 335 876 520 245 111

Table 5: Label distribution among categories for Final Tweets and Editorials datasets

Statistic Tweets Editorials
Mean tags per text 224 4.39
Mean words per text 35.08 89.22
Texts with only 1 entity 313 137
Texts with more than 1 entity 1021 1972
Texts with no entities 225 41
Total number of texts 1559 2150

Table 6: Statistics for both the Tweets and Editorials
final datasets.

6.2 Preliminary Datasets Insights

To gain an initial understanding of the narrative
structure across the datasets, we (i) calculated the
co-occurrence of <category-role> pairs within the
texts and (ii) observed the most frequently occur-
ring character/role combinations by category (af-
ter lemmatizing the labeled entities). Figure 1 in
Appendix A.2 presents the co-occurrence matri-
ces of label pairs, showing how frequently each
<category-role> pair occurs together within the
same text. In the Paragraph-matrix, Instrumental-
Hero is the most frequent pair, often co-occurring
with Human-Hero and Human-Villain. This sug-
gests that policies, technologies, or interventions
are portrayed as solutions to problems driven by
human actions or institutions. Human-Victim
is another prominent category, frequently paired
with Human-Villain and Instrumental-Villain,
reflecting that humans are often depicted as suf-
fering due to harmful policies or corporate ac-
tions. The frequent pairing of Natural-Victim
with Instrumental-Villain reinforces the idea of
natural entities (e.g., animals, biodiversity) be-
ing victims of human or institutional harm. In
the Tweets-matrix, Human-Victim and Human-
Villain frequently co-occur, indicating a strong
narrative of communities suffering from human-
made harm. Natural-Victim also appears fre-
quently, especially alongside Human-Villain and
Instrumental-Villain, reflecting the recurrent
theme of environmental damage due to human-
driven actions. Both matrices highlight the central

role of Instrumental-Hero in environmental nar-
ratives, emphasizing the importance of policy mea-
sures and technologies as solutions. Meanwhile,
Natural-Victim and Human-Villain are strongly
linked in both datasets, underscoring a consistent
framing of human-driven environmental harm.
Cross-referencing character roles with the stance of
tweets reveals further nuances. In tweets with a sup-
portive stance, “greenwashing”, “fossil fuel com-
panies” and “plastic” are frequent villains, while
heroes include “Inflation Reduction Act”, “climate
movements”, “scientists”. In contrast, in skep-
tical/opposing tweets, entities like “government”
and “climate scientists” are often framed as vil-
lains, with abstract concepts like “freedom” and
“societal values” portrayed as victims. Editorials
reflect similar patterns but within a more formal,
structured narrative, with “scientists”, “developing
countries”, and “biodiversity” frequently appear-
ing as victims, and “climate change," “coal” and
“Trump” as villains.

7 Conclusion

In this paper, we introduced a novel approach to
analyzing climate change (CC) and environmen-
tal narratives using the Character-Role Framework
across social media (from the Ecoverse dataset
(Grasso et al., 2024a)) and scientific editorials
(from the NatSciEdCC corpus (Stede et al., 2023)).
We extended the framework by adopting a bottom-
up approach and performing fine-grained entity-
level analysis. After manually annotating two test
sets of editorial paragraphs and tweets for charac-
ters in four roles (villain, hero, beneficiary, victim)
and three categories (natural, human, instrumental),
we evaluated four Large Language Models (LLMs)
(GPT-4, GPT-40, GPT-4-turbo, Llama-3.1-8B) on
character-role detection and categorization tasks.
GPT-4, the best-performing model, was then ap-
plied to create two fully annotated datasets: 1,559
tweets and 2,150 editorial paragraphs. Finally, we
conducted a qualitative error analysis and explored
the narrative patterns emerging from the datasets.
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8 Limitations

Some limitations of our work include the follow-
ing:

1. Our approach does not incorporate co-
reference resolution, which may result in dif-
ferent mentions of the same entity (e.g., “he”,
“the president”) being treated as separate char-
acters, or conversely, labeled multiple times.
As we detailed in Section 4.3.2, our analy-
sis and annotation guidelines include personal
pronouns, which leads to this limitation.

. The datasets used (scientific editorials and
tweets) are primarily from English-speaking
regions, which might not capture the full
range of CC and environmental narratives
across different cultures. This limits the gen-
eralizability of our findings to other linguistic
or cultural contexts.

. A broader range of open models, differing in
type and size, would offer a stronger basis for
evaluating their performance. This highlights
a limitation of our work, as it does not fully
capture the diversity of available open mod-
els. While we acknowledge that comparing
LLaMA-3.1-8B to much larger GPT models
is inherently imbalanced, it provides an initial
perspective on how their performance differs
for these tasks.

. Expanding the dataset with LLM-generated
annotations carries inherent risks, as these
models can reflect biases or limitations in
their training data, including outdated or in-
complete world knowledge (Blodgett et al.,
2020). However, as discussed, we observed
that LLM biases remarkably often aligned
with those of human annotators, resulting in
similar disagreement patterns. This suggests
that the models can perform reliably on such
a subjective and complex task as character-
role detection. For example, in the first batch
of 100 tweets, agreement between Annota-
tor 2 and GPT-4 (F1: 0.77) exceeded the
inter-annotator agreement between humans
(F1: 0.72). While encouraging, we recognize
that LLMs are not perfect substitutes for hu-
man annotation. Future work should include
further validation, such as cross-checking ex-
panded datasets with smaller manually labeled
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subsets or assessing their robustness in down-
stream tasks to ensure reliability in practical
scenarios.

. The preliminary dataset insights presented in
Section 6.2 primarily focus on category-level
trends (i.e., distributions of human, instru-
mental, and natural entities across character
roles and their co-occurrence). While this
provides an important first look into broader
framing patterns, a more fine-grained analysis
of the most frequent entities within each cate-
gory and the specific narrative structures they
form (e.g., recurring villain-victim or hero-
beneficiary pairings) remains an open area
for future work. Investigating these patterns
could offer a deeper understanding of how
environmental narratives are constructed, re-
vealing more nuanced "plot” dynamics among
characters.
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A Appendix

A.1 Datasets Statistics

Tweets Editorials
Al A2 GPT4 Al A2 GPT4

Statistic

Avg. label/txt 193 215 280 596 7.00 5.09

texts w/1 label 32 42 41 8 2 0
texts w/>1 labels 176 182 257 138 145 150
texts w/no labels 92 76 2 5 3 0

Table 7: Statistics for Tweets and Editorials Test sets
for A1, A2, and best model (Al: Annotator 1, A2:
Annotator 2.)

Label Editorials (50) Tweets (50)
Natural 94 40
Human 125 42
Instrumental 154 19

Table 8: Character Categorization Label Distribution
for 50 Editorial Paragraphs and 50 Tweets.
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A.2  Co-occurrences Matrices

Figure 1 shows the co-occurrence matrices of
category-role pairs.

A.3 Annotation Guidelines

Annotation Guidelines for Character-Role and
Character categorization tasks.
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Co-occurrence Matrix of Category-Role Pairs - Tweets
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Figure 1: Co-occurrence matrices.
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Character Roles: Annotation Guidelines

Introduction The aim is to leverage and adapt the Character-Role Narrative Framework (Gehring
& Grigoletto 2023) which in turn stems from the so-called Policy Narrative Framework (e.g.
Jones et al. 2022), to analyze the narratives underlying two different textual contexts: (i) A set of
tweets (from the EcoVerse Dataset), all linked to ecology/environment-related themes; (ii) A set
of editorials (from Nature & Science), all linked to the climate change topic.

Task Overview The goal of this annotation is to identify the entities that contribute to the text’s
narrative, i.e., to the core message being conveyed. We identify these entities as characters bearing
specific roles from a small inventory. Crucially, we analyze the author’s narrative, so we must
always keep in mind to rely on the perception of its communicative intention and limit access to
our world knowledge.

Character Roles: Definitions

Typically, characters can assume one of three (in our project, four) fundamental roles in the
“drama triangle”: hero, villain, victim, or beneficiary. Heroes actively contribute to, endorse,
or are portrayed as having the potential to determine positive actions or events. Importantly, the
hero is also assigned a determinant role within the narrative; they are provided with the potential
to do something, regardless of whether they actually pursue their mission. Villains contribute
to, endorse, favor, or determine negative actions or events. Victims are harmed, endangered,
potentially harmed, or suffer from the consequences of events or actions, typically playing a
passive role in the narrative. Beneficiaries play a passive role and benefit or potentially benefit
from events or actions being described.

Types of Characters: Definitions

Characters are entities that play an identifiable role within the narrative and determine its essence.
Characters can be:

Human Characters: These include humans or entities made up of people, such as corporations,
governments, organizations of any type (e.g., religious), and political movements, whose actions,
inactions, or beliefs are crucial for the narrative and message of the text. Instrumental Characters:
These are more abstract entities such as policies, laws, technologies, measures, or objects that
(i) have been produced by human characters, (ii) are important for the narrative and message of
the text, and (iii) can be assigned a character role, as they are determining for the narrative being
told. Natural Characters: These comprise non-human entities such as natural elements (e.g., soil,
oceans), animals, nature itself, the planet, and so on. They can also be processes (‘“city growth™)
and phenomena (“climate change,” “pandemic”) on the condition that they clearly have inherited
some agentive role within the narrative.

Annotation Procedure

Before starting the annotation, read the entire text to understand the core message. Then, proceed
with the annotations from beginning to end, sentence by sentence. For each sentence: (i) Decide
whether there are significant characters with prominent roles within the text that can be assigned the
type human, instrumental, or natural. (ii) Do not label if no particular narrative (and subsequently
no characters/roles) can be identified, and/or if the text is too vague or lacks the author’s perspective.
(iii) Assign the character role based on contextual information (villain, hero, beneficiary, victim).
(iv) Once completed, click on “submit.”

Notes on Annotation: Borderline Cases for Editorials

In editorials, the narrative is often spread across larger portions of text. Annotators should consider
the entire paragraph to understand the overall perception and narrative conveyed. The assignment
of roles to characters by the author is often subtle and implicit. Annotators may need to infer roles
based on the overall narrative, allowing for reasonable implications or assumptions, especially
when strong linguistic indicators are absent. Abstract concepts, such as “decision,” cannot be
annotated as characters. However, instrumental characters like “measures,” “reports,” “laws,” or
“policies” should be annotated. When both an instrumental character (e.g., the name of a report)
and the human character responsible for it (e.g., the government) are mentioned, annotate BOTH.
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Character Categorization: Annotation Guidelines

Introduction The goal of this annotation task is to categorize each entity labeled with a character
role—hero, villain, victim, or beneficiary—into one of three predefined supercategories: human,
instrumental, or natural. This categorization helps identify the broader nature of entities
contributing to the text’s narrative.

Task Overview For each entity previously annotated with a character role, you will assign one of
the following categories: Human; Instrumental; Natural.

This categorization does not depend on the entity’s role in the text but solely on the entity’s type
based on the definitions provided below.

Category Definitions

1. Human Characters: Humans or entities representing humans or groups of humans. They
include:

» o« » o«

e Individuals: e.g., “scientists”, “activists”, “farmers”.

* Organizations, governments, corporations, or institutions: e.g., “United Nations”, “fossil
fuel companies”, “NGOs”.

* Groups of people: e.g., “communities”, “developing countries”.
Example:
» The government decided to implement new measures. — Human

2. Instrumental Characters: More abstract entities that are human-made or human-driven, such
as:

* Policies, laws, reports, measures: e.g., “climate policies”, “30x30 report”.

FERYS FERNYs

* Technologies or objects: e.g., “dams”, “wind turbines”, “plastic”.

* Processes initiated or controlled by humans: e.g., “urbanization”, “deforestation”, “city
growth”.

3. Natural Characters: Non-human entities from the natural world or natural phenomena, such
as:

* Animals, plants, natural elements: e.g., “biodiversity”, “oceans”, “forests”.

» o«

* The environment as a whole: e.g., “the planet”, “nature”.

» Natural processes or phenomena: e.g., “climate change”, “pandemics”, “wildfires”.
Annotation Procedure

1. Review the entity: For each entity already labeled with a role, identify its type (human,
instrumental, or natural) based on the provided definitions.

2. Assign a category: Use the definitions and examples to determine the appropriate category.

3. Handle borderline cases:

* If an entity fits more than one category, prioritize the most contextually relevant type.

* For processes (e.g., “city growth”), determine if it is human-driven (Instrumental) or
naturally occurring (Natural).

Notes for Annotators If the type remains unclear, discuss it with the coordinators to ensure
consistency.
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A.4 Prompts for LLMs

Prompt GPT family for character-role detection task - one shot

Task Overview: You are given a text. Your task is to identify and label characters within the
narrative. Characters are entities playing a clear role in the story, contributing to its core message.
Label each identified character with one of the following roles: Hero: Actively contributes to
or endorses positive actions/events. Villain: Responsible for negative actions or harm. Victim:
Suffers from or is endangered by actions/events, typically playing a passive role. Beneficiary:
Passively benefits from actions/events. Character Types: Human Characters: Humans or
entities made up of people (e.g., corporations, governments, organizations). Instrumental
Characters: Abstract entities (e.g., policies, laws, technologies) produced by human characters
that play a crucial role in the narrative. Natural Characters: Non-human entities (e.g., animals,
nature, natural processes) given agentive or passive roles within the narrative.

Instructions: (i) Identify Characters: Assess each sentence, sentence by sentence, to identify
characters (there can be 0 to N characters per sentence).

(ii) Assign Roles: Label identified characters with the appropriate role based on how the narrative
portrays them. Do not infer or imply any roles based on common knowledge or assumptions.
Only label characters if the text explicitly describes them in a way that fits a specific role (Hero,
Villain, Victim, Beneficiary). Rely strictly on what is explicitly stated in the text—avoid making
interpretations or assumptions.

(iii) Use Linguistic Indicators: Pay close attention to linguistic cues such as “heal," “save," “suffer
from," “endangered by," “protect," and other similar phrases. These indicators will help determine
the role of a character. If the text does not explicitly use such indicators or similar language, do
not assign a role based on presumed implications.

(iv) Be Aware of Role Shifts: A character’s role can change as the sentence or paragraph pro-
gresses. Even if a character starts neutral, it might take on a role later in the sentence. Similarly, a
character can switch roles within the same sentence or paragraph. Assign roles based on how the
character is portrayed at each point in the text.

(v)Focus on Narrative Perspective: Use linguistic indicators and context within the text to de-
termine roles, strictly reflecting the author’s intended perspective. Avoid relying on external
knowledge or common narratives—only label characters based on the explicit narrative context
provided.

(vi) Label Nouns Only: Only label nouns or noun phrases, excluding articles (e.g., “the” in “the
President”) and other parts of speech. Personal pronouns (e.g., “we,” “they’’) can be labeled too.
(vii) Multiword Expressions: For multiword expressions (e.g., “President of the United States”),
label the entire phrase, but avoid including unnecessary extensions.

(viii) Avoid Labeling Abstract Entities: Do not label overly abstract entities such as “decision”.
No Labeling If: No clear narrative or characters/roles are identifiable. The text is too short, vague,
or the narrative is too implicit. The text does not express the author’s perspective (e.g., reporting
someone else’s perspective).

Output format: You must return the input text with each character labeled using in-line tag
annotations (<start_token>text<end_token>), where the tag corresponds to a role name.
The only available tags are: Hero: <HER>text</HER> Villain: <VIL>text</VIL> Victim:
<VIC>text</VIC> Beneficiary: <BEN>text</BEN>

For example, if the input text is “The Government saved the environment." the output text should
be: “The <HER>Government</HER> saved the <BEN>environment</BEN>."

IMPORTANT: DO NOT CHANGE THE INPUT TEXT, ONLY ADD THE TAGS.

Note: Be attentive to the linguistic cues and specific wording used by the author, as they will
guide you in assigning the correct roles. Avoid inferring roles based on outside knowledge or
assumptions.

Here is the text to annotate:

" o<

([N73
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Prompt Llama for character-role detection task - zero shot

Task Overview: You are given a text. Your task is to identify and label characters within the
narrative. Characters are entities playing a clear role in the story, contributing to its core message.
Label each identified character with one of the following roles:

Hero: Actively contributes to or endorses positive actions/events.

Villain: Responsible for negative actions or harm.

Victim: Suffers from or is endangered by actions/events, typically playing a passive role.
Beneficiary: Passively benefits from actions/events.

Here’s how you should do it:

Look at each sentence: Go through the text sentence by sentence to find any characters. There can
be no characters, one character, or many characters in a sentence.

Label the characters: When you find a character, give them the correct label (Hero, Villain,
Victim, or Beneficiary) based only on what the text says. Do not guess or assume anything. Only
label a character if the text clearly shows their role.

" < " e

Pay attention to words: Words like “heal," “save," “suffer,” “endangered," “protect," or similar
words can help you decide the character’s role. If these or similar words are not there, do not label
based on your assumptions.

Roles can change: A character’s role might change in the same sentence. Label them based on
how they are described at that moment.

Use tags in the text: When you label a character, use the following tags directly in the text:
Hero: <HER>text</HER>

Villain: <VIL>text</VIL>

Victim: <VIC>text</VIC>

Beneficiary: <BEN>text</BEN>

IMPORTANT: Rewrite the entire text with these tags included. Do not change the original
text—just add the tags around the characters.

Remember, only label characters based on what is clearly stated in the text. Do not use your own
knowledge or assumptions.

Here is the text to annotate:
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Prompt for GPT family and Llama for character categorization task - few-shot

Task Overview: You are given a text. Each text represents a unique entity, and your task is to
categorize the entity based on one of three categories: Human, Instrumental, or Natural. Below
are the definitions for each category, along with relevant examples.

Categories:

Human Characters: These include humans or entities made up of people, such as corporations,
governments, organizations of any type (e.g., religious), and political movements. Examples:
“QOil and gas industry” (categorized as Human because it refers to a group of businesses).
“World” (categorized as Human when referring to governments, organizations, or companies).
Instrumental Characters: These are more abstract entities such as policies, laws, technolo-
gies, measures, objects, or human-driven processes (e.g., “urbanization," “deforestation," “city
growth”). They can also be artifacts or processes that have been produced or initiated by human
characters. Examples:
“Pesticides and fertilizers” (categorized as Instrumental because they are human-made technolo-
gies).

“Carbon emissions” (categorized as Instrumental because they result from human processes).
Natural Characters: These comprise non-human entities such as natural elements (e.g., soil,
oceans), animals, nature itself, and the planet. They can also include natural processes or phenom-
ena (e.g., “biodiversity loss,” “climate change,” “pandemic”). Examples:

“Europe” (categorized as Natural when referring to the geographical region and its natural elements,
rather than its people).

“Smoke” (categorized as Natural when referring to poor air quality from smoke, assuming it is not
human-caused).

Output Format: You must return the input text with each entity labeled using in-line tag
annotations (<start_token>text<end_token>), where the tag corresponds to a category name.
The only available tags are:

Human: <HUM>text</HUM>

Instrumental: <INS>text</INS>

Natural: <NAT>text</NAT>

Examples:

<HUM>0il and gas industry</HUM>

<HUM>low-income communities</HUM>

<INS>30x30 policy</INS>

<INS>pesticides and fertilizers</INS>

<NAT>climate change</NAT>

<NAT>the ocean</NAT>

Here is the text to annotate:
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