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Abstract
Millions of people use Large Language Models (LLMs) to research information about
complex topics related to societal issues. As a result, LLMs might be influencing large
worldwide audiences in ways that remain unexplored with empirical data. To address
this data gap, this study introduces and analyses SociaLLMisinformation: a dataset of
33,000 English and Italian LLM-generated texts on societal issues like climate change,
global warming and health misinformation. Texts were mined from OpenAI’s GPT 3.5
and GPT 4o, Meta’s Llama 3 and Llama 3.1, Anthropic’s Claude 3’s Haiku, Mistral and
LLaMAntino. We investigate LLMs’ framings in regard to these societal topics, through
an interpretable computational framework based on textual forma mentis networks
(TFMNs), i.e., networks of syntactic/semantic associations between concepts in texts.
Using TFMNs, we extract LLMs’ linguistic and affective biases present in the
SociaLLMisinformation texts. Our findings reveal that the analysed LLMs adopt
distinct communication styles and pronoun usage, even when prompted identically.
All the models tend to have a strong positivity bias, possibly downplaying seriousness
and importance of complex and sensitive topics. This work provides both a new
dataset and a novel analytical approach, highlighting the need for transparent,
network-based methods to monitor and mitigate LLM biases as these models
become central tools for retrieving information.

Keywords: LLMs; Climate change; Global warming; Health misinformation; Machine
psychology; Machine bias

1 Introduction
Large Language Models (LLMs) are revolutionising the way users interact with technology
and access information, marking a significant paradigm shift in human-computer inter-
action [1]. These sophisticated Artificial Intelligences (AIs) are trained on a vast amount
of textual data, enabling them to analyse and understand complex semantic relationships
between words and concepts [2, 3]. However, this training process does pose complex
challenges. Firstly, being trained on human-generated texts, LLMs are also characterised
by some amount of bias: altered ways of processing and accommodating information in
relation to specifically activated or inhibited emotional and cognitive mechanisms [4–6].
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The LLMs’ process of acquiring human biases can be linked to a variety of reasons, mainly
related to training data, training processes and post-training filters/additional layers.

Training data by using human texts could already include biased ways of perceiving or
reasoning about specific ideas: LLMs would just learn how to reproduce these biases, for
example by producing biased sequences of words (e.g., associating “immigration” with
“threat”, much like individuals holding negative sociopolitical biases might [7]). The “train-
ing” is the process of learning patterns observed within the data and to update the model
parameters accordingly. In Generative Pre-Trained Transformer (GPT) networks, these
parameters are encoded as weights in the connections among a vast array of nodes or-
ganised across layers [8]. Most GPTs are fine-tuned according to Reinforcement Learning
from Human Feedback (RLHF), a process where the model is trained via a sequence of
rewards and punishments capable of conditioning its behaviour [9, 10], i.e., penalising
the model for producing unwanted word sequences or rewarding and thus boosting the
occurrence of specific requested target sequences of tokens (i.e., characters). LLMs can
interpolate data missing from their training, nonsensical information, producing myopic
overconfidence or hallucinations (cf. [3]). Reinforcement learning can make GPT models
acquire language structure and meanings to a certain limited extent, but it cannot sub-
stitute the meta-cognitive skills that humans possess and which are currently lacking in
most LLMs. Meta-cognitive skills are capabilities aimed at regulating learning [8, 11] and
they include abilities like attention (e.g., listening to an important person standing in a
crowded lecture hall or discarding low-level information coming from a non-reputable
source). LLMs cannot filter training information and, consequently, any potential low-
level information present in training data might be acquired by the model itself, strength-
ening potentially biased or stereotypical conceptual associations [2, 4, 12].

To prevent end users from accessing negative or harmful biases, most LLMs implement
additional protection layers [13], e.g., system prompts forcing models to act as helpful and
cheerful assistants. While these protection layers can prevent LLMs from disseminating
harmful content, these filters also limit the emotional nuances of Large Language Models,
preventing them from debating delicate topics like even mental health or suicide ideation
and ultimately, biasing them towards conceptual avoidance. As such, biases in LLMs re-
main a persistent challenge in the field of AI ethics and development [4]. Considering the
widespread usage of LLMs as useful tools for everyday tasks and their “black-box” design
as transformer networks, it is crucial to understand the risks that are related to their usage
[14].

Current literature suggests that LLMs not only mimic the prejudices and biases that they
are trained upon [4], but their texts might be reinforcing these biases in humans, perpet-
uating discrimination by making use of harmful stereotypes. When prompting models in
regard to topics of societal issues, these biases could possibly spread impacting the real
world. We believe this topic is of paramount importance, especially given the increase
in people seeking information through LLMs [15], also related to topics such as climate
change [16]. The influence that LLMs might have on those who actively use these mod-
els, could lead to users conforming to the ideas expressed by the LLMs [17]. These biases
might be influencing also academic research itself, since these tools are being increasingly
used in academia [18]. Crucially, LLMs can spread misinformation in ways different to pre-
vious means. According to Barman et al. [19], LLMs can generate context-aware content
that appears significantly more convincing than traditional deepfakes or bot-generated
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material. Moreover, LLMs can introduce subtle modifications to social media posts that,
while semantically altered, remain visually undetectable [20].

These concerns about LLM-generated misinformation and content manipulation, to-
gether with the lack of empirical LLM-generated data, expose a critical gap. To address
this gap, we present (i) a synthetic dataset capturing LLM debates on socially relevant
topics and (ii) a methodological framework, grounded in cognitive network science, for
systematically analysing such content.

SociaLLMisinformation is an extensive collection of 33,000 texts evenly distributed
across three themes: climate change, global warming and health misinformation. For each
theme, 6000 texts were gathered in English and 5000 in Italian, allowing for a compara-
tive analysis of bias across different languages. To ensure a comprehensive understand-
ing of various LLMs’ behaviours and to enable comparative analyses, the study incorpo-
rated both commercial language models (accessed via Application Programming Inter-
face (API)) and open-source models (used locally with Ollama1 or LM Studio2). For each
model, 1000 texts were collected per theme. The LLMs employed in English included GPT
3.5 [21], GPT 4o [9], Llama 3 [22], Llama 3.1 [23], Claude 3’s Haiku [10], and Mistral [24];
while the Italian language models were LLaMAntino [25], GPT 3.5, GPT 4o, Llama 3.1
and Claude 3’s Haiku. We also have to point out that the potential differences in LLMs’
behaviour may be due not to the model’s family, but to the model’s size [26, 27].

The goal of this manuscript is to investigate and provide readers with a taxonomy of
LLMs biases (either human or non-human) when these models engage in discussions
about socially polarizing topics. Crucially, this work aims to present such investigation
through the lens of interpretable text analysis via a specific type of cognitive networks.
In general, cognitive networks are representational models of the associative knowledge
available in knowledge-related systems and memory supports like the mental lexicon
[28, 29] or any related repository of knowledge expressible through language [30]. More in
detail, we use textual forma mentis networks [5, 31]. Textual forma mentis networks deal
with associations between concepts as encoded by authors in their texts. In other words,
textual forma mentis networks are complex networks where nodes are words, which rep-
resent concepts; for this reason, when analysing TFMNs, the terms “words”, “nodes” and
“concepts” will be used interchangeably. The links in the TFMN indicate syntactic or se-
mantic relationships as identified by an AI analysing texts sentence by sentence [32–34].
TFMNs can be built in Python, via the EmoAtlas package [35], which was used here as our
primary analytical tool. EmoAtlas leverages cognitive network science and psychologically
validated emotional corpora to extract syntactic, semantic and emotional associations be-
tween words within the texts, ultimately representing textual analysis as feature-rich com-
plex networks.

1.1 Topic selection
SociaLLMisinformation concerns societal issues, namely climate change [36, 37], global
warming [38] and misinformation about public health [39]. The selection of topics was
carefully curated to assess a variety of complex topics of debate in the current societal and
academic landscape, at the same time highlighting potential biases in LLMs. Furthermore,

1https://ollama.com.
2https://lmstudio.ai.

https://ollama.com
https://lmstudio.ai
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the chosen topics align with the authors’ areas of expertise and appeal to a vast audience of
academics, researchers and professionals. The name SociaLLMisinformation reflects the
dataset’s focus on socially relevant topics where LLM-generated content may risk perpet-
uating biased or misleading information.

1.2 Significance of the dataset
A significant challenge in investigating bias in Large Language Models lies in the require-
ment for large LLM textual datasets. Analysing a single text is methodologically insuf-
ficient to study LLM biases, as these models exhibit non-deterministic behaviour and
incorporate a degree of randomness in their word selection [21]. Consequently, large-
scale datasets are required to draw meaningful conclusions about biases in LLMs. Several
studies [2, 4] are beginning to implement cognitive experiments to investigate how LLMs
associate and perceive ideas, thus reconstructing LLMs’ forma mentis. However, as evi-
denced by the literature on LLMs in psychology [40], these investigations are frequently
confronted with several limitations related to the computational power available to schol-
ars. In particular, to produce high-quality texts, state-of-the-art hardware is essential, and
the only alternative is to spend vast amounts of funds on commercial language models
to access their APIs. In both cases, technical expertise that is not available to all schol-
ars, is required. Generating extensive texts also requires a significant time investment. For
instance, in this study, the generation of each text of Llama 3 took around 2-4 minutes
(depending on the length of the text), even on the powerful 48 GB VRAM GPU (Graphics
Processing Unit) that was employed (GPU NVIDIA L40); therefore, producing only 1000
texts would require almost 66 hours of computational time. To address these challenges,
SociaLLMisinformation offers a curated collection of pre-generated texts, allowing re-
searchers to bypass the need for additional financial resources. This wide range of themes
and the SociaLLMisinformation multi-model approach provides a broad perspective on
the expected behaviours of different LLMs, offering valuable insights into their potential
biases across languages and topics.

In order to have a wider access to resources like LLMs’ texts while contributing to
archiving past models for future comparisons about LLMs’ evolution, we have released
SociaLLMisinformation as an open dataset (see 2.2 Section).

Scholars might also be interested in comparing SociaLLMisinformation to human-
generated texts. This comparison could provide interesting insights in human and AI
biases, as showed by previous research (cf. [4]). Despite these potential insights being
beyond the presentation of the current dataset, researchers interested in the challenge
of conducting such comparative analyses may consider utilising other existing human
datasets from academic literature, such as the LOCO (Language Of Conspiracy Corpus -
88 million word corpus) [41] and the Twitter dataset on climate change (15 million tweets)
[42]. Comparisons might be performed in terms of cognitive networks [31, 35], following
the technical validations outlined in the current manuscript.

2 Methods
SociaLLMisinformation is a comprehensive corpus of 33,000 texts generated by seven dif-
ferent Large Language Models on societal issues. In particular, we gathered 1000 texts for
any given topic, for each model. We argue that by focusing on fewer, well-chosen prompts,
SociaLLMisinformation lends itself to a wide range of quantitative analyses in natural lan-
guage processing and natural language understanding, which benefit from a large amount
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of data. We anticipate that this resource will prove useful to researchers seeking to gain
a deeper understanding of the reasoning patterns and potential biases of LLMs when de-
bating these topics:

• Climate change: LLMs could influence vast audiences and policy makers by enabling
stakeholders to engage with technical knowledge through natural language
interactions [43];

• Global warming: There is an ongoing academic debate about employing this term,
rather than “climate change”, to better convey the issue [38, 44]. By analysing texts
with these varying nomenclatures, SociaLLMisinformation can determine if
terminologies can significantly impact LLMs’ outputs;

• Misinformation in health: Misinformation cascades have been frequent during the
COVID-19 pandemic [39], and a crucial research area aims to better understand them
to bolster social media users’ resilience against future pandemics. LLMs might greatly
assist and protect users against misinformation, unless language models themselves
displayed biases in their understanding of fake news in health [45].

For each of the topics described above, 6000 texts were generated in English (using Mis-
tral, Llama 3, Llama 3.1, GPT 3.5, GPT 4o, and Haiku), while 5000 texts were generated
in Italian (using GPT 3.5, GPT 4o, Llama 3.1, LLaMAntino and Haiku). For more details,
the reader can refer to Appendix A.

2.1 Prompt engineering
For what concerns prompt engineering, we avoided asking the model to take on specific
roles, in order to avoid possible biases towards the chosen topics and to keep the instruc-
tion as neutral as possible. Inducing specific impersonifications in LLMs, in fact, can de-
termine LLMs to inherit unwanted biases, as previously shown by Coda-Forno et al. [46].

We also appended a request to the main prompt to always maximise length, since af-
ter an initial control of model responses we noticed a considerable variance in the length
of the responses. The sets of questions were chosen to mirror the typical usage patterns
of an average user interacting with these technologies. Based on recent findings [47], we
argue that most users seeking information are not likely to use complex prompt engineer-
ing techniques. Instead, users might be more inclined to ask straightforward and simple
questions to the model to understand its perspective on a given issue. Thus, our questions
reflect a more naturalistic approach to information seeking, where users rely on direct
queries, without any specialised knowledge on how to manipulate AI prompts [48]. As
such, by focusing on what we argue is the typical usage pattern, we can better assess how
well the model serves the general public. The prompts we used are the followings:

• English Prompts:
– Climate change: What do you think about the topic of climate change? Structure

your answer according to your inner beliefs and do not be afraid to say things as they
are. Maximise the length of the reply.

– Global warming: What do you think about the topic of global warming? Structure
your answer according to your inner beliefs and do not be afraid to say things as they
are. Maximise the length of the reply.

– Misinformation in health: What do you think about the topic of misinformation and
conspiracy theories in health? Structure your answer according to your inner beliefs
and do not be afraid to say things as they are. Maximise the length of the reply.
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Table 1 Technical specifics of the .csv file structure of SociaLLMisinformation dataset

SociaLLMisinformation datasets
Column Type Description

topic String Research topic
model String Name of the LLM
text String Generated text
language String Language of the text (English/Italian)
lemmatized_text List Lemmatised version of the text using EmoAtlas
zscores.anger Float Z-score for anger emotion
zscores.trust Float Z-score for trust emotion
zscores.surprise Float Z-score for surprise emotion
zscores.disgust Float Z-score for disgust emotion
zscores.joy Float Z-score for joy emotion
zscores.sadness Float Z-score for sadness emotion
zscores.fear Float Z-score for fear emotion
zscores.anticipation Float Z-score for anticipation emotion
fmnt.syntactic List Syntactic associations from TFMNs
fmnt.synonyms List Semantic associations from TFMNs

• Italian Prompts:
– Cambiamento Climatico: Cosa ne pensi del cambiamento climatico? Struttura la

risposta in base alle tue convinzioni e non aver paura di dire le cose come stanno.
Massimizza la lunghezza della risposta.

– Riscaldamento Globale: Cosa ne pensi del riscaldamento globale? Struttura la
risposta in base alle tue convinzioni e non aver paura di dire le cose come stanno.
Massimizza la lunghezza della risposta.

– Bufale e Teorie del Complotto nella Salute: Cosa ne pensi delle bufale e delle teorie
del complotto riguardo la salute? Struttura la risposta in base alle tue convinzioni e
non aver paura di dire le cose come stanno. Massimizza la lunghezza della risposta.

Details on the quantisation procedures and temperature settings for each model are
provided in Appendix A.

2.2 Data records
SociaLLMisinformation is freely available on a Open Science Framework (OSF) reposi-
tory: https://osf.io/xm5rp/. The dataset is organised into three compressed files (.zip),
each corresponding to a distinct research topic. Each .zip file contains nine comma-
separated values files (.csv), each related to a different model and language, specified
in the file name. Each row in the .csv files represents a unique textual entry and con-
tains several key pieces of information: topic, model name, text, language, and three fea-
tures generated by EmoAtlas, including textual forma mentis networks, a text lemmatised
with EmoAtlas techniques, and emotional z-scores related to the entry (see Sect. 2.3). The
structure of each row in the .csv files adheres to the following format presented in Ta-
ble 1.

2.3 Text analysis and bias assessment
To investigate biases in SociaLLMisinformation, we propose a diverse range of approaches
to analyse the cognitive patterns of LLMs. Given that the LLMs’ behaviour and bias can
vary significantly across different themes, we have structured this section into theme-
specific subsections. Different techniques are presented in this Section, including the net-
work analysis of their TFMNs, the analysis of the presence or lack of emotions and the ob-
served patterns of connections by valence type. The aim of these techniques is to test the

https://osf.io/xm5rp/
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Figure 1 Framework for constructing the textual forma mentis network (TFMN)

dataset by proving that different jargon and communication styles can be found across the
different models and topics. This goal is mostly achieved by considering the analysis of the
syntactical edges of the different nodes (representing words) in the TFMNs. These anal-
yses are also performed to investigate the presence of emotional patterns in SociaLLMis-
information and to show how quantitative analyses might unveil LLMs’ inherent biases
when dealing with the above-mentioned topics. All the analyses were performed using
Python 3.11.7.

To validate our analyses, we additionally conducted a small-scale content analysis on a
subsample of 100 texts generated by LLama-3-8B, on the topic of climate change. This
specific model was chosen for its temporal relevance and open-source availability, while
climate change was selected as the focal topics, given its coverage of the majority of themes
in the dataset since strong similarities in the framing of both global warming and climate
change were found. This content analysis also give us the chance to validate some of the
results obtained by the TFMN and emotional analysis.

2.3.1 Textual forma mentis networks
Textual forma mentis networks are a type of network that represents the structure of as-
sociations of concepts in texts [31]. EmoAtlas [35], a library developed in Python, allows
for the automatic extraction and visualisation of textual forma mentis networks. TFMNs
are constructed from textual data by considering the syntactic or semantic links between
words that are found using spaCy [49], a widely adopted Natural Language Processing
(NLP) Python package. Figure 1 illustrates the main steps involved in building the textual
forma mentis network. The process begins with the syntactic parsing of sentences using
an AI tool, during which all syntactic relations within each sentence are identified (Fig. 1a).
Then, the textual forma mentis network is constructed by summarizing the syntactic links
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identified in the previous step, depending on the text considered (Fig. 1b). This aggrega-
tion produces a network structure designed to be as interpretable and clear as possible.
Within the TFMN, the concept neighbourhoods — corresponding to the syntactic/seman-
tic frame of concepts associated with a given word [50] — are then examined to interpret
the network features of TFMNs. Finally, from the TFMN, the emotional analysis of the
LLM-generated text is performed ((Fig. 1c), which is well described in Sect. 2.3.3), and an
emotional flower is generated (Fig. 1d).

Within these networks, nodes represent words, and the links between them indicate syn-
tactic or semantic relationships to other words. These networks are multilayer networks
[29], where the same set of nodes is connected differently across two layers: one layer in-
cludes syntactic edges (e.g. “love” is a “weakness”) and the other one includes semantic
edges (e.g. “change” and “modification” being synonyms). Here, we will only consider syn-
tactic edges of the TFMNs to explore their network features. TFMNs also include data
about whether words were perceived as positive, negative or neutral [31, 51], which will
be later discussed in the Sect. 2.3.3. Therefore, analysing the neighbourhood associations
of a concept gives information not only about how the concept was framed in terms of
associated meanings, but also on how it was perceived in terms of valence.

TFMN have been used in past research for various purposes, such as investigating psy-
chopathology among young adolescents [33], analysing creativity ratings in short stories
[34], and examining LLM-simulated counselling conversations [52].

2.3.2 Semantic frame analysis and bias detection
It is also possible to study a target word considering its semantic frames [31], i.e., the list
of associates that were syntactically attributed to that target word in one or more texts,
as defined in semantic frame theory by Fillmore and Baker [50]. TFMNs enable a com-
putational implementation of a semantic frame as a sub-graph that only considers links
adjacent to the target concept. Hence, semantic frames are equivalent to network neigh-
bourhoods coming from TFMNs. The number of associates to a target concept quantifies
the size of the network neighbourhood/semantic frames; thus, corresponds to the target’s
network degree. Here we show how these tools can be used to explore and analyse quanti-
tatively the syntactic structure of concepts in LLMs’ texts. Semantic frames populated by
negative or positive emotions can highlight emotional biases in the ways concepts can be
represented when compared against human data.

In the visual representation of the semantic frame (observable in Fig. 1c), the colour of
the nodes represent their valence: red (cyan, black) for negative (positive, neutral) words;
while their size reproduce their frequency (i.e., the largest the font of the node, the higher
the frequency). The links between each word correspond to their syntactic and semantic
associations; the colour of the link depends on the one of each word (if it links a positive
and negative word it will be purple).

2.3.3 Emotion detection
TFMNs are feature-rich complex networks where nodes possess emotional attributes (e.g.,
eliciting trust). Within the framework of TFMNs, EmoAtlas offers an emotion detection
model grounded in Plutchik’s wheel of emotions [53] (see Fig. 1d), providing an additional
layer of analytical capability [35]. EmoAtlas employs the psychologically validated dataset
EmoLex [51], which includes eight emotions: disgust, anger, anticipation, sadness, sur-
prise, fear, trust, joy, that are associated with 11,000 English words.
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As illustrated in Fig. 1c EmoAtlas performs statistical testing to quantify the emotional
intensity of texts using z-scores, which represent the relative abundance of words eliciting
each emotion when compared to a reference null model. This is done by considering the
number of emotional words compared to a baseline text composed of a random assembly
of words (i.e., words that are randomly selected from the EmoLex dataset). A standard
practice is to consider values above 1.96 (α = 0.05) or below –1.96 as the “presence” or
“lack” of each given emotion to be significant [35]. This statistical testing (1) was imple-
mented with the following formula:

zi(T) =
ni(T) – μi(R)

σi(R)
, (1)

where zi(T) is the z-score for emotion i in text T ; ni(T) is the number of words associated
with emotion i in text T ; μi(R) is the mean number of words associated with emotion i
in a random baseline text R and σi(R) is the standard deviation of words associated with
emotion i in a random baseline text R. The number of words in text R is determined by
the number of words eliciting any emotion in the text T . Once the z-scores for a given text
are computed, they can provide information about the presence or absence of emotions in
the considered narrative [35]. In this work, we employ this methodology to compute two
measures for each emotion: the percentage of LLM-generated texts where the emotion is
significantly over-represented (z > 1.96), and the percentage of texts where the emotion is
significantly under-represented (z < –1.96).

To enhance the robustness of our statistical analysis, we employed bootstrap resampling
techniques with 1000 iterations to generate multiple baseline distributions, allowing for
more reliable estimation of Confidence Intervals (CIs). The percentile-based confidence
intervals, derived from the bootstrap samples, were plotted to visually assess the signifi-
cance and variability of each emotion’s representation within the texts. Furthermore, we
used the Median Absolute Deviation (MAD), a robust measure of dispersion that quanti-
fies the typical distance of values from the median, and is less influenced by outliers than
measures such as the standard deviation.

2.4 Analysing TFMNs
To analyse networks quantitatively, we also employed network measures. In our study, for
all the texts generated by each LLM, we constructed a combined network from multiple
TFMNs. To do so, we combined all the TFMNs by considering all the syntactic edges in
a single weighted or unweighted network. With this process, we were able to analyse all
associations that could be found in the models’ texts by the analysis of a single network. We
computed several key measures (explained in more detail these measures in Sect. 2.4.1)
for each word (node) in the networks:

• d: Degree of the given word, divided by 100.
• f : Term frequency of the given word, divided by 1000.3

• c: Closeness centrality of the given word.
• Dd : Euclidean distance of the degree of the given word compared to other models.

3Differently from the degree, the frequency is divided by 1000, which is the number of texts per topic and LLM. This choice
was mainly driven by visualisation purposes, to ensure clarity.
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• Df : Euclidean distance of the term frequency of the given word compared to other
models.

• Dc: Euclidean distance of the closeness centrality of the given word compared to other
models.

• S̄: Average cosine similarity of words measures compared to other models.
The current literature has shown that by studying TFMNs and considering these mea-

sures, we can provide insights into the structural importance and usage patterns of words
within each LLM, highlighting prominent concepts in these texts [32]. In some cases, we
used a weighted network, where the weights represent the number of times that a given
edge is present in the TFMNs of the individual texts.

2.4.1 Quantifying differences of network measures
To quantify the differences between models, we used two comparison measures: euclidean
distance and average cosine similarity.

Euclidean distance For each word of each model, we calculated the euclidean distance
between its measure’s values compared to the same word in all other models. This was
done separately for each measure [54]:

• Degree: Measures the number of direct connections a word has in the network. A
higher degree indicates that the word is more central and interacts with more words.

• Closeness centrality: Reflects how quickly a word can reach all other words in the
network. A word with high closeness centrality has fewer “steps” to reach other words,
indicating its potential to play a key role in connecting different parts of the text.

• Term frequency: Counts how often a word appears in the texts.
In particular, the distance is computed between the measure of a given model against all
other models combined. The employed formula compares the degree (closeness centrality,
term frequency) of a word in each given model to its degree (closeness centrality, term fre-
quency) in all other models simultaneously. Specifically, let vi represent the standardized
vector (2) for a word in model i:

vi = (di, ci, fi). (2)

For instance, considering the degree, its euclidean distance (3) for each word in model i
is calculated as:

Ddegree(i) =
√︄∑︂

j≠i

(di – dj)2, (3)

where di is the degree of the node in model i, and the sum is taken over all other models
j ≠ i. Euclidean distance was computed independently for the different measures: degree,
closeness, and term frequency.

Average cosine similarity To capture the overall similarity between models, we computed
the cosine similarity of their standardised measure vectors. Specifically, for each word,
we created a vector of its standardised (z-score) values for degree centrality, closeness
centrality, and term frequency.
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We then calculated the cosine similarity (4) between the vectors for each pair of models.
The cosine similarity between two models i and j for a given word is defined as:

c(vi, vj) =
vi · vj

∥vi∥∥vj∥ . (4)

This measure ranges from 0 to 1, with higher values indicating greater similarity. For each
word of each model, we average their cosine similarities with other models to obtain a
single value representing the overall similarity of their usage of the word compared to the
other models. This average cosine similarity provides a holistic measure of the degree to
which the models align in their word usage patterns. Both of these measures have been
used to compare LLMs with other LLMs covering the same topic within English.

2.4.2 Analysing the valence of edges
We adopted the edge rewiring framework to study whether words with positive or neg-
ative valences would be more interconnected in the network [55]. This methodology in-
volves comparing the actual syntactic connections present in LLMs’ texts compared to a
randomised baseline to analyse whether there is a tendency in LLMs to syntactically pair
positive (negative) words. To do so, we extract the syntactic edge-lists of all texts and com-
bined them into a single unweighted TFMN. In this TFMN, we count the frequency of
three types of edges: positive-to-positive (pos_pos), negative-to-negative (neg_neg) and
positive-to-negative (pos_neg). To establish a meaningful baseline for comparison, we
generate random scores using a Monte Carlo simulation approach. This process involves
creating multiple TFMNs with randomised valences while preserving the overall struc-
ture and distribution of edges. Specifically, for each text, we maintain the same number of
nodes and edges as in the original fragment. We randomly reassign the valence categories
(positive, negative, neutral) to the nodes while keeping the same number of positive, neg-
ative and neutral words. We then count the resulting pos_pos, neg_neg and pos_neg con-
nections in this randomised network. The average count of pos_pos, neg_neg and pos_neg
is calculated to produce the final random baseline scores.

This approach allows us to determine whether the observed patterns in the true scores
are significantly different from what would be expected by chance. By comparing the true
scores with this randomised baseline, we can identify any systematic biases or tendencies
in how different LLM connect concepts with matching/contrasting emotional valences.

3 Results
This Section outlines the key results obtained from the analysis of SociaLLMisinformation
across its three topics: climate change, global warming (see Sect. 3.1) and health misinfor-
mation (see Sect. 3.2). For each topic we discuss the affective (Sects. 3.1.2 and 3.2.2) and
linguistic biases (Sects. 3.1.1 and 3.2.1).

To ensure clarity in our linguistic analyses, we included only one representative model
from each set of related LLMs, and focused exclusively on the English language. In con-
trast, for the emotional analyses we compared both English and Italian LLMs, allowing
us to explore potential language-related differences, an approach motivated by findings
reported in De Duro et al. [52]. Furthermore, when relevant terms were identified in the
linguistic analysis, we further examined their emotional context by plotting the specific
emotional frames associated with these words.
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Table 2 Top 20 nodes (by frequency) for the climate change topic in English. Columns report node
name, degree (d/100), frequency (f /1000), closeness centrality (c), Euclidean distances (Dd , Df , Dc) to
other models, and average cosine similarity (S). “Climate” and “Change” were excluded as they
dominate all scores

GPT-3.5 Haiku

Node d f c Dd Df Dc S̄ Node d f c Dd Df Dc S̄

sustainable 2.4 2.4 0.52 1.6 2.3 0.04 0.90 scientific 4.8 6.0 0.58 4.8 8.6 0.15 0.94
we 4.6 2.3 0.58 8.6 6.7 0.07 0.90 human 2.0 3.3 0.51 1.7 2.6 0.01 0.96
action 4.7 2.3 0.59 3.0 2.5 0.06 0.99 consensus 3.9 3.1 0.56 3.9 4.0 0.12 0.92
future 3.1 2.2 0.55 1.8 1.8 0.06 0.92 impact 5.6 2.9 0.60 1.4 2.0 0.09 0.98
global 3.4 2.1 0.56 2.4 1.2 0.06 0.98 I 2.5 2.8 0.53 6.5 3.0 0.04 0.99
impact 5.0 2.0 0.59 1.6 1.1 0.07 0.98 debate 3.1 2.8 0.54 3.9 4.7 0.15 0.41
energy 1.7 1.7 0.51 3.0 1.4 0.01 0.98 issue 4.0 2.6 0.56 2.4 1.7 0.04 0.99
human 1.9 1.7 0.52 1.9 1.8 0.02 0.98 evidence 5.0 2.5 0.59 3.6 3.0 0.12 0.93
it 4.6 1.7 0.59 7.0 6.4 0.04 0.97 gas 1.6 2.4 0.50 0.5 2.2 0.03 0.96
address 4.1 1.6 0.57 2.1 0.6 0.05 1.00 global 3.0 2.1 0.54 2.5 1.2 0.05 0.99
I 2.2 1.6 0.52 6.8 4.7 0.04 0.99 greenhouse 0.6 2.1 0.46 0.5 1.7 0.01 1.00
planet 3.3 1.6 0.55 2.0 1.2 0.08 0.95 action 4.2 1.8 0.57 3.6 3.2 0.03 0.96
rise 2.6 1.5 0.53 2.3 0.9 0.02 1.00 address 4.3 1.8 0.57 1.9 0.4 0.05 1.00
require 3.4 1.5 0.56 2.1 0.7 0.04 0.99 rise 2.6 1.8 0.53 2.2 0.5 0.02 1.00
reduce 3.6 1.5 0.56 4.1 1.6 0.03 0.98 complex 2.0 1.7 0.52 1.8 2.4 0.09 0.72
gas 1.5 1.4 0.51 0.6 1.2 0.04 0.97 require 3.8 1.6 0.56 1.8 0.5 0.05 0.99
level 2.9 1.4 0.54 1.3 0.4 0.04 0.98 energy 2.0 1.5 0.51 2.7 1.7 0.01 0.99
generation 1.9 1.3 0.52 1.4 1.3 0.08 0.92 multifaceted 0.8 1.5 0.48 0.8 2.2 0.06 0.37
individual 2.5 1.3 0.53 2.3 1.1 0.03 0.99 include 4.5 1.5 0.58 2.7 1.4 0.08 0.96
greenhouse 0.6 1.3 0.46 0.6 0.9 0.02 1.00 topic 1.8 1.5 0.51 1.6 1.3 0.07 0.97

For what concerns the climate change topic we also included the small-scale content
analysis mentioned in Sect. 2.3.

3.1 Climate change and global warming
As previously noted, one of the topics chosen for SociaLLMisinformation is the polarising
and societal issue of climate change. We choose to collect climate change data by consider-
ing two different terminologies (i.e., “climate change” and “global warming”), highlighting
the centrality of this topic in this dataset. Hereafter we will describe in detail our main
findings.

3.1.1 Linguistic bias analysis
We consider the semantic content of texts by using network and frequency measures. The
results of these analysis are reported in both Tables 7 and 2 for the texts of climate change
topic in English and in Tables 8 and 3 for the global warming texts in English. We dived
the results of the main network features by LLM: in the text the reader can find the Tables
referring to GPT-3.5 and Haiku, which are the ones where the majority of key differences
are observed, while in the Appendix the Tables for Mistral and Llama are reported.

Pronoun usage Tables 7, 2 and 8, 3 show that there are notable differences in the most
frequent words and their network properties across the different models - even when con-
sidering the same topics. Specifically, we found some differences in the pronoun used by
the models to discuss climate change and global warming. For instance, Mistral, Llama 3,
and GPT 3.5 (to a lesser extend), frequently use “we” as one of their top nodes, suggesting
a tendency to frame climate change in terms of shared responsibility or collective action.
This reflects findings that “we” is often used in conversations about sustainability to sig-
nal collective responsibility [56]. In contrast, Haiku stands out by having “I” as one of its
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Table 3 Top 20 nodes (by frequency) for the global warming topic in English. Columns report node
name, degree (d/100), frequency (f /1000), closeness centrality (c), Euclidean distances (Dd , Df , Dc) to
other models, and average cosine similarity (S). “Global” and “Warming” were excluded as they
dominate all scores

GPT 3.5 Haiku

Node d f c Dd Df Dc S̄ Node d f c Dd Df Dc S̄

we 5.7 3.0 0.6 6.0 3.2 0.06 0.96 scientific 5.0 5.3 0.58 4.3 7.3 0.13 0.93
change 6.4 2.9 0.62 4.5 3.4 0.06 0.98 change 6.3 5.1 0.61 4.6 4.2 0.06 0.96
climate 4.3 2.6 0.57 3.6 3.8 0.05 0.98 climate 3.8 4.5 0.56 3.9 3.8 0.03 0.96
sustainable 2.3 2.3 0.52 1.5 1.9 0.03 0.94 I 3.5 3.2 0.54 5.7 3.3 0.05 0.96
action 4.6 2.3 0.57 2.4 1.8 0.04 0.99 human 2.2 3.1 0.52 1.4 1.9 0.02 0.99
future 3.1 2.1 0.54 1.2 1.4 0.05 0.96 issue 4.1 2.5 0.56 2.5 1.2 0.04 0.99
it 5.2 2.0 0.59 5.7 3.9 0.02 0.98 consensus 4.0 2.5 0.56 3.6 3.1 0.11 0.90
energy 1.8 1.9 0.50 2.8 1.5 0.01 0.99 gas 1.5 2.4 0.50 0.9 1.7 0.01 0.98
planet 3.5 1.8 0.55 2.0 1.4 0.07 0.96 evidence 5.0 2.4 0.58 3.1 2.8 0.11 0.94
impact 5.1 1.8 0.59 1.4 0.7 0.06 0.99 impact 5.2 2.3 0.59 1.4 1.3 0.07 0.99
rise 3.2 1.7 0.54 2.4 1.2 0.02 1.00 address 4.4 2.2 0.57 1.9 1.1 0.06 1.00
human 1.8 1.6 0.51 2.0 1.7 0.02 0.99 greenhouse 0.7 2.1 0.46 0.6 1.4 0.02 0.99
reduce 3.9 1.6 0.56 3.8 1.7 0.03 0.98 rise 2.9 2.0 0.53 2.8 0.8 0.01 1.00
issue 3.9 1.5 0.56 2.7 2.3 0.03 0.98 debate 2.8 2.0 0.53 3.5 3.1 0.14 0.47
gas 1.7 1.5 0.50 0.7 1.0 0.02 0.99 require 4.3 1.9 0.57 1.5 0.7 0.07 0.99
level 3.4 1.4 0.54 1.1 0.2 0.04 0.99 action 4.2 1.8 0.56 2.9 2.5 0.03 0.96
address 4.0 1.4 0.56 2.3 0.8 0.04 1.00 complex 1.9 1.7 0.51 1.6 2.4 0.08 0.59
individual 2.6 1.4 0.53 2.4 1.0 0.02 0.98 energy 1.8 1.6 0.5 2.8 1.9 0.01 0.99
greenhouse 0.7 1.4 0.47 0.7 0.8 0.02 0.99 emission 2.4 1.4 0.52 2.8 0.5 0.01 0.99
generation 2.2 1.3 0.52 1.5 1.1 0.08 0.92 level 2.9 1.4 0.54 1.5 0.2 0.03 1.00

top nodes, while “we” does not appear as a top 20 concept in neither climate change nor
global warming. This pattern suggests that responsibility is framed more at the individ-
ual level, emphasizing that it begins with the self (“I”) before it can be extended or shared
collectively [57].

By considering these interesting pronouns usage patterns, we can notice that So-
ciaLLMisinformation can be considered as a valuable resource when studying the pronoun
usage and point of view reported by the LLMs.

Focus on science The network results collected in Table 3 can also be used to understand
the communication styles of these different models. For instance, Haiku, compared to GPT
3.5 appears to use words such as “scientific” (frequency (f ) = 6.0), “consensus” (f = 3.1),
“impact” (f = 2.9), “debate” (f = 2.8), “issue” (f = 2.6), “evidence” (f = 2.5), “complex” (f =
1.7) or “multifaceted” (f = 1.5) more frequently when discussing about climate change. It
can also be noticed that words like “scientific” and “debate” are well connected in Haiku
TFMN, as shown by an euclidean distance based on degree of 4.8 and 3.9. Conversely, in
GPT 3.5 jargon, words such as “sustainable” (distance based on degree (Dd) = 1.6), “global”
(Dd = 2.4), “human” (Dd = 1.9), “action” (Dd = 3.0) or “planet” (Dd = 2.0) are more central.

This finding shows that, while Haiku appears to prefer an academic, scientific and tech-
nical communication style when dealing with climate change, GPT 3.5 tends to prefer a
more human-centric related jargon. When dealing with the general public, GPT 3.5 com-
munication style could therefore be more effective in communicating the issue [58]. In
more general terms, it can be stated that, the top 20 most frequent concepts vary signif-
icantly between models, implying different semantic frames. These differences highlight
how each LLM approach and structure generates texts about climate change somewhat
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uniquely, although the average cosine similarity (which is often close to 1) shows us that
similarities in their behaviour do exist.

Additionally it is important to notice that we did not find different patterns in the lan-
guage even when considering the nodes using a frequency f = 1000 as threshold, i.e. when
considering the top 60 words in terms of frequency within the corpus. For example, when
reading up to the first 60 words in terms of frequency, GPT 3.5 human-centric jargon is
extended to “government” (f = 1020), “community” (f = 1026) or “generation” (f = 1077).
Similarly, Haiku presents a language that is scientific oriented with nodes like “challenge”
(f = 1178) or “research” (f = 1106). Crucially, the same nodes were not mentioned in the
other models.

Comparisons between global warming and climate change Interestingly, while the words
used and their measures might differ, similar findings can be observed in the global warm-
ing network measures (Tables 3, 8), proving the reliability of these results. LLMs appear
to frequently use the words “climate change”, even when generating global warming texts,
suggesting a strong conceptual association between the two topics. This is supported by
the fact that “climate” and “change” do appear in the “global warming” tables of GPT 3.5,
Haiku and Llama 3, meaning that these models try to use the expression “climate change”
to describe the issue of global warming, too. This similarity between the “climate change”
and “global warming” framing aligns with recent literature, which suggest that the dif-
ferences between these two framings might be less pronounced due to the widespread
concern about environmental issues. In fact, while framing can influence certain beliefs,
its effect might be diminished in contexts where the public is well-informed about the
issue [59].

This strong association may also explain the nearly identical linguistic patterns observed
across both topics. For instance, in Haiku, central words that we discussed before, such as
“scientific” and “consensus”, display an identical closeness centrality (c = 0.58 and c = 0.56,
respectively) in both climate change and global warming topics (see Tables 2 and 3).

Biased views about climate change and call to action In global warming texts, all models
identify “action” as a highly central concept; in particular, its closeness centrality spans
between 0.54 and 0.57 in the various models. This could highlight a biased view of climate
change communication and might suggest a call to action, which is different from what is
common in human communication [59]. This trend persists also in climate change texts,
where action closeness centrality spans between 0.55 and 0.59.

The models do mention possible solutions (using words such as “renewable”, “require”,
“reduce”, “sustainable”), however they do not seem to focus on green measures - for ex-
ample, they do not mention words such as “wind”, “solar”, “clean” or “nuclear” in the top
20 concepts.

This bias will further be explored in the small-scale content analysis on a subsample of
texts on climate change.

3.1.2 Affective bias analysis
Figure 2 shows the percentage of individual texts that display a significant presence/lack of
any given emotion (|z| > 1.96) when compared to a null model, as obtained from EmoAtlas
[35]. This value is displayed for each model and emotion combination. Striking similarities
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Figure 2 Percentage of LLMs’ texts in which each given emotion is either significantly (|z| > 1.96) present or
lacking in SociaLLMisinformation climate change and global warming texts. Error bars represent 95%
bootstrap-derived confidence intervals

exist in the presence/lack of emotions of LLM-generated text concerning the topics of
climate change and global warming. It can also be noticed that the distribution of emotions
is strongly unequal and suggests that models do have a clear bias when dealing with the
chosen polarising topics. In particular, the language used by the model appears to be fairly
neutral when it comes to emotions like joy, surprise and fear, i.e, these emotions are almost
always present in less than 10% of texts.

Interestingly, despite the gravity and urgency of climate change, the models seem to
avoid language characterised by sadness, anger or disgust when discussing the topic. In
particular, Haiku and English GPT 3.5 tend to avoid words that display these emotions
in more than 50% of the texts; nevertheless, this trend is also visible, in a lesser extent,
in the other models. All models display a notable bias towards positive emotions such as
trust and anticipation (trust, in particular, is always present in at least 20% of the texts) -
which might indicate that these LLMs are trained to prefer a positive, optimistic language.
However, the efficacy of positive communication in climate change discourse remains a
topic of debate, where some argue that negative language might draw greater attention to
the issue [58].

In this context, SociaLLMisinformation allows us to understand the stance these mod-
els take in this ongoing discussion about climate change, revealing their predisposition
towards a positive framing.

The strong presence of anticipation and trust in the models’ language is noteworthy.
According to Plutchik’s theory of emotions, the combination of these emotions is related
to fatalism (or hope) [53]. Here, fatalism does not inherently carry a negative connotation,
rather, it suggests a view towards a predetermined and inevitable future. This emotion
might imply a diminished sense of perceived agency and passive reliance on external fac-
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tors rather than proactive engagement towards possible solutions. Given these findings,
LLM’s outlook of these topics might be damaging the public perception of climate change,
presenting an interesting avenue for further investigation into how AI-generated content
might influence public perception and action on this critical issue. This fatalism-based
communication style does not appear to be radically different from human communica-
tion style, which was found to be somewhat fatalistic in the current literature as well [60].
Newer models such as Llama 3.1 appear to be producing texts that exhibit more trust and
anticipation and less anger and disgust than their previous counterparts - their texts look
generally more skewed in the emotions they employ. This might indicate that the more
sophisticated techniques employed to fine-tune these models, might have led the LLM to
be more biased on these topics.

To ensure the reliability of our estimates, we included bootstrap-derived confidence in-
tervals for each percentage and assessed their stability using the Median Absolute De-
viation (MAD) of the CI widths. Specifically, for the climate change topic, the MAD of
Presence CI Widths is 1.63%, and the MAD of Lack CI Widths is 1.78%. These low MAD
values indicate that the widths of our confidence intervals are consistently narrow across
different models and emotions, demonstrating minimal variation and ensuring that our
estimates are stable and not significantly affected by outliers or extreme cases.

3.1.3 Content analysis
To validate our results, we conducted a small-scale content analysis on a subsample of
our data. Specifically, as mentioned in Sect. 2.3, we randomly selected 100 texts generated
by Llama-3-8B on the topic of climate change. The subsample, at least in terms of word
frequencies, was representative of the global sample. In fact, we observed that the words
identified in Table 7 as the most frequent were also consistently present in our subsample.
When calculating their frequency (i.e., number of occurrences of the word divided by the
number of texts), we obtained similar frequency scores, such as for the node “action” (f =
4.9), “energy” (f = 3.0) and “future” (f = 1.8); while in some cases they present identical
values (e.g. for the node “we” (f = 6.4), “community” (f = 1.9) “emission” (f = 1.7) and
“sustainable” (f = 2.4).

Overall, the main ideas conveyed in the texts were predominantly associated with two
keywords: “emission” and “community”. Notably, these words were also present in the list
of nodes with the highest frequency (Table 7), further highlighting the importance of these
concepts. In order to confirm the presence of these ideas within the subsample, each text
was analysed by two independent annotators, i.e. the first two authors of the paper (ED
and EF). The themes were coded as follows:

1. Theme 1: emission reduction. Emphasis on the necessity of reducing “emissions” to
mitigate the devastating consequences of climate change.

2. Theme 2: vulnerable communities. Importance of supporting the “communities”
most affected by climate change.

The thematic content analysis yielded high agreement by the two independent annota-
tors in terms of the frequency of themes found across the 100 texts. For theme 1 of emis-
sion reduction, the inter-rater reliability, measured with the Cohen’s kappa coefficient (κ),
was of 0.89, while for theme 2 the κ was equal to 0.74. Together with the proportion of ap-
pearance of these words within the 100 texts (f ∗

emission = 73%, f ∗
community = 91%), the human

coding confirmed the presence of these themes across most of texts.
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In order to grasps how these topics were discussed within the subsample, we employed
textual forma mentis networks (TFMNs) as described in Sect. 2.4 and depicted in Fig. 1c.
Specifically, we generated TFMNs for each text and aggregated them into one unique se-
mantic frame (Sect. 2.3.2). Given the vast number of connections between the target words
(“emission” and “community”) and other concepts in the global network, we retained only
the non-idiosyncratic edges (i.e., the edges that appeared just in one TFMN out of 100).
Furthermore, the edges that survived the idiosyncratic filter were processed by EmoAtlas,
plotting Plutchik’s wheel of emotions (i.e., emotional flowers). In this way it was possible
to detect the specific emotions (see Sect. 2.3.3) significantly elicited by the texts, when
discussing the key themes of emission and community.

When examining the semantic frame of “emission” (Fig. 3a), one can notice that the most
frequently associated node (i.e., the largest one) is “reduce”, which indicates that the LLM
primarily discusses emissions in terms of the need to decrease them. This is further sup-
ported by frequently co-occurring terms such as “reduction”, “action”, “implement”, “tar-
get”, and “decrease”. The model also specifies the types of emissions to be reduced (e.g.,
“gas”, “greenhouse”, “carbon” and “fuel”), and suggests strategies to achieve this goal, re-
flected in words such as “support”, “initiatives”, “transportation” and “transition”. Overall,
the concept of “emission” and its associated terms appear largely neutral, which is con-
sistent with its corresponding emotional flower (Fig. 4a), showing no significantly elicited
emotion.

In contrast, the semantic frame of “community” (Fig. 3b) reveals a predominance of pos-
itive associations, including words such as “protect”, “moral”, “effort”, “essential” and “jus-
tice”. When talking about communities, the LLM focuses on “vulnerable” populations, the
most affected by climate change (e.g., “marginalized” groups, those experiencing “poverty”,
or living in “coastal” areas). The texts highlight both the severe challenges faced by these
communities (e.g., “flood”, “drought”, “loss” and “disaster”), and the urgency of “protecting”
and “supporting” them by taking “action” to “reduce” climate change effects. The overall
positive framing of this semantic frame is reinforced by its emotional flower (Fig. 4b),
where trust (ztrust = 2.36) emerges as a significantly elicited emotion.

3.1.4 Concluding observations
SociaLLMisinformation highlights the general absence of human affective biases in LLMs.
When asked “what do you think about climate change?”, LLMs provide mostly trustful
accounts. This is not very far from human perceptions of the problem, which tend to be
sceptical or fatalistic depending on personal views [59]. The emotions present in the texts
seem to avoid negative emotions, while focusing on trust and anticipation, which might
align with the fatalistic views of some humans.

Nevertheless, the lack of fear and sadness in these texts seems intriguing; thus, further
research is needed to understand the emotional mechanism of these models and how they
might be influencing their users. Finally, we report that there does not seem to be a par-
ticular difference between the biases present for the terminologies “global warming” and
“climate change”, suggesting that the framing of the problem is not significantly impacting
the models’ communication styles.

The reader can find the summarised results in Table 4.
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Figure 3 Textual forma mentis networks of key themes in subsample of Llama-3-8B texts on climate change

3.2 Misinformation in health
In this Section we will discuss the results obtained analysing the texts of SociaLLMisin-
formation regarding health misinformation. LLMs, when working correctly and without
hallucinations, might provide a significant amount of help against misinformation thanks
to their advanced semantic analysis [45, 61]. For this reason it is fundamental to study
their biases when dealing with topics concerning healthcare.
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Figure 4 Plutchik’s wheel of emotions of key themes in subsample of Llama-3-8B texts on climate change

Table 4 Keys findings and implications found in Climate Change and Global Warming texts

Model Finding in LLM’s texts Implications

Mistral-7b,
LLama-3-
8B, GPT-3.5

Predominance of pronoun “we” Shared responsibility

Haiku Predominance of pronoun “I” Individual responsibility

Haiku Presence of “scientific”, “debate” and “evidence” Academic and scientific communication
GPT-3.5 Presence of “sustainable”, “human” and “action” General public-oriented communication

All models “Climate change” present in Global Warming
texts

Similar framing of the two topics

All models “Action” present as a central concept Call to action, differently from human
communication

All models Use “renewable” and “reduce” Discuss possible solutions, but non-green
measures

All models Bias towards positivity (trust and anticipation) Fatalism: diminished sense of perceived
agency

3.2.1 Linguistic bias analysis
Tables 5 and 9 refers to network measures about misinformation in health in English.
Compared to other topics, the LLMs’ texts appear to be slightly more similar, with the
c distance rarely approaching 0.7 and never surpassing that threshold. Furthermore, only
a few words appear to possess a significant frequency distance - Haiku being the only
exception, with words such as “public” even reaching a Df of 9.8.

Focus on misinformation spread It is possible to note that, when discussing misinforma-
tion in health, LLMs mention the mediums in which misinformation can spread. Indeed,
“medium” appears in the top 20 nodes based on frequency in Haiku, Mistral and Llama.
“Spread” also appears to be one of the most frequent words in general for each model, its
f is 2.9 for GPT 3.5, 5.6 for Haiku, 3.0 for Mistral and 3.2 for Llama 3.

To better understand how LLMs conceptualise the spreading of health misinformation,
we later analyse the emotional values of the term “medium”. Since misinformation often
spreads via various mediums of communication, including social media, it makes sense to
analyse not only “medium” but also the word “social” for our emotional analysis. In fact,
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Table 5 Top 20 nodes (by frequency) for the health misinformation topic in English. Columns report
node name, degree (d/100), frequency (f /1000), closeness centrality (c), Euclidean distances (Dd , Df ,
Dc) to other models, and average cosine similarity (S). “Health” and “Misinformation” were excluded as
they dominate all scores

GPT 3.5 Haiku

Node d f c Dd Df Dc S̄ Node d f c Dd Df Dc S̄

individual 7.3 3.7 0.62 3.9 1.7 0.07 0.98 public 6.2 8.5 0.57 2.7 9.8 0.06 1.00
it 6.4 3.6 0.60 4.6 4.3 0.03 1.00 it 7.7 7.3 0.60 2.9 4.9 0.02 1.00
public 4.4 3.1 0.56 1.9 5.4 0.04 1.00 I 4.1 6.9 0.54 2.6 8.8 0.04 0.97
spread 7.3 2.9 0.62 2.3 2.8 0.07 1.00 evidence 5.5 5.8 0.56 2.2 5.4 0.04 1.00
promote 6.5 2.2 0.61 2.6 1.6 0.08 0.97 scientific 5.5 5.6 0.56 3.9 7.6 0.07 0.97
source 4.3 2.0 0.56 2.8 0.5 0.02 0.96 spread 7.5 5.6 0.59 2.1 4.5 0.04 1.00
false 4.1 1.9 0.56 1.7 2.8 0.05 0.99 base 5.4 5.2 0.56 1.6 4.5 0.02 1.00
lead 6.3 1.9 0.60 3.9 1.2 0.05 1.00 individual 7.6 5.1 0.59 3.7 3.0 0.04 0.99
they 5.1 1.8 0.58 6.2 2.0 0.01 0.99 medical 4.6 4.4 0.55 2.2 5.3 0.04 0.97
evidence 3.5 1.8 0.55 3.1 4.5 0.02 1.00 claim 7.0 4.3 0.58 2.6 5.2 0.03 0.96
base 4.6 1.8 0.57 2.5 3.9 0.03 0.99 issue 5.0 4.3 0.55 2.5 3.8 0.01 0.99
decision 3.7 1.6 0.55 1.3 1.3 0.06 0.99 medium 3.9 4.0 0.54 1.9 3.7 0.01 0.99
accurate 2.8 1.6 0.53 1.2 0.5 0.04 0.99 false 3.1 4.0 0.52 3.0 2.7 0.04 0.99
people 4.8 1.6 0.57 4.3 2.3 0.02 1.00 address 6.1 3.9 0.57 2.3 3.9 0.03 1.00
we 3.2 1.6 0.54 3.3 1.9 0.02 0.99 believe 5.2 3.8 0.56 1.8 3.9 0.02 0.97
combat 3.9 1.6 0.55 2.0 0.9 0.07 0.96 healthcare 4.0 3.8 0.54 3.4 3.5 0.02 0.99
healthcare 2.7 1.4 0.53 4.7 4.1 0.02 0.99 complex 3.4 3.7 0.53 2.8 5.3 0.05 0.88
medical 3.2 1.4 0.54 2.5 3.1 0.03 0.98 people 5.6 3.5 0.56 3.1 2.6 0.02 1.00
address 4.2 1.3 0.56 3.6 2.8 0.02 1.00 social 3.1 3.5 0.52 1.9 3.5 0.02 0.99
trust 4.2 1.3 0.56 0.7 1.8 0.05 0.99 relate 2.7 3.5 0.52 1.2 5.2 0.03 0.86

as shown in Tables 5 and 9, “social” frequently co-occurs with discussions about health
misinformation spread. We explore the LLMs’ emotional framing of both “medium” and
“social” in Sect. 3.2.2.

Pronoun usage In Table 5 it is possible to notice that the pronoun usage patterns mimic
those from previous topics: Haiku is by far the model that uses “I” the most (f = 6.9), while
all other models seem to prefer “we” to “I”. Nevertheless, every LLM appears to prefer
a more impersonal language about the issue itself by frequently employing “it”. Further
studies on SociaLLMisinformation could focus on quantitatively or qualitatively analysing
these pronoun usage patterns, as there is a vast literature on the psychological implications
of pronouns usage (cf. [62]).

LLMs communication style Table 5 shows that Haiku, as with the topics of climate
change, consistently employs a more technical communication style, using words such
as “scientific”, “evidence” or “claim” with greater frequency and closeness centrality. This
is confirmed when looking up to the first 60 words in terms of frequency, where similar
patterns tended to appear. Haiku showcase a jargon that is more technical with nodes like
“literacy” (f = 2484), “proliferation” (f = 2070), “dissemination” (f = 1454), “policymaker”
(f = 1238).

This is especially noteworthy when compared to GPT 3.5, which seems to use a more
human-centric language. GPT 3.5 appears also to be the model that uses words such as
“combat”, “promote” or “lead” the most frequently compared to other models, reflecting
a potential linguistic bias towards a call to action reflected also in human texts [37, 42].
This difference in communication style looks consistent across different topics, validat-
ing the usefulness of SociaLLMisinformation as a tool to study the cognitive schemas of
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Figure 5 Percentage of LLMs’ texts in which each given emotion is either significantly (|z| > 1.96) present or
lacking in misinformation in health texts. Error bars represent 95% bootstrap-derived confidence intervals

these models. In the context of addressing misinformation in health, all model present
“evidence” as a highly ranked term in frequency within responses, underscoring its signif-
icance in discussions about health misinformation.

3.2.2 Affective bias analysis
Emotional bias detection To understand whether the LLMs’ emotional biases are consis-
tent across different topics, the emotion detection results from EmoAtlas [35] were anal-
ysed. These results, illustrated in Fig. 5, reveal significant consistent patterns across all
models even when compared to previous topics. Specifically, high levels of trust and an-
ticipation consistently dominate, while emotions such as sadness, anger, and disgust are
notably absent.

Differently from other topics, the emotional analysis of health misinformation texts
shows a lack of any emotion other than trust and anticipation. The emotional consistency
between different topics suggests that the models not only avoid negative language, but
actively promote discourse characterised by elevated trust levels. Although this tendency
may seem benign or even beneficial when discussing these crucial topics, it raises concerns
about potential consequences. In fact, the pervasiveness of trust could prove problem-
atic whenever the models hallucinate, as users might be more inclined to accept incorrect
claims without sufficient scepticism. As with the other topics, the confidence intervals of
the emotional analyses indicate strong reliability in our results.

Valence analysis of edges As discussed in Sect. 2.4.2, we can analyse the edge types that
appear in the combined TFMN for each model and compare it to the valences that would
be expected by random chance. The structural valences in Fig. 6 can be analysed to study
patterns of edge types across all models. Although there is no consistent differentiation
between negative-negative and positive-negative connections, positive-positive links ex-
hibit a consistent trend. Positive-positive edges types appear with a frequency significantly
higher than what would be expected by random chance. These biases appear especially
prominent in GPT 4o, suggesting a strong priming of this model towards positive lan-
guage. From Fig. 6 one can notice that in many cases these findings are significant even
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Figure 6 Comparison of structural valence of edges - True Scores vs Random Scores. Number of edges (N.
Edges) for three types of connections: positive-positive (pos-pos), positive-negative (pos-neg), and
negative-negative (neg-neg). Each connection type is represented by two bars, one for true scores (True,
empirical TFMNs) and one for randomly reshuffled TFMNs (Random), with bars expressing a 95% Confidence
Interval

Figure 7 Plutchik’s wheel of emotions for the words “medium” and “social” in the combined textual forma
mentis network for Llama-3-8B

when accounting for the confidence interval; hence, they suggest a real positivity bias in
these models. This finding provides compelling evidence that LLMs show a preference for
explicitly positive language in their outputs.

Emotional analysis of “medium” and “social” In Sect. 3.2.1 we found that Haiku, Mistral,
and Llama 3 often mention the mediums through which misinformation can spread, often
using “social” as a key term. Here, we focus on how LLMs emotionally frame the concepts
of both “medium” and “social”.

In Figs. 7, 8, 9 and 10, it is possible to note that LLMs are quite similar when it comes to
the emotions that they associate with “medium”: trust and anticipation are predominant,
while sadness, disgust, anger and fear are missing. These values align with the general
emotional presence or lack of these texts.

An important difference can be found instead when it comes to “social”: GPT, Mistral
and Llama are mostly neutral to the concept, other than having a predominance of trust;
whereas Haiku shows a lack of anger, disgust and sadness. This similarity in emotional
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Figure 8 Plutchik’s wheel of emotions for the words “medium” and “social” in the combined textual forma
mentis network for Mistral-7b

Figure 9 Plutchik’s wheel of emotions for the words “medium” and “social” in the combined textual forma
mentis network for GPT-3.5

framing between “medium” and “social” in Haiku’s responses may suggest that Haiku tends
to emphasise social networks when discussing means of communication. Additionally,
Haiku’s avoidance of negative emotional associations when referring to “social” could re-
flect a tendency to present social media tools in a more positive or neutral light.

3.2.3 Concluding observations
The analysis of health misinformation texts has shown that some trends appear consis-
tent across all topics: emotions such as anticipation and trust are prevalent, while others
are neutral or lacking. Additionally, the network structural analysis revealed a significant
preference for positive-positive edge types, indicating a pronounced positivity bias in LLM
outputs.
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Figure 10 Plutchik’s wheel of emotions for the words “medium” and “social” in the combined textual forma
mentis network for Haiku

Table 6 Keys findings and implications found in Health Misinformation texts

Model Finding in LLM’s texts Implications

All models Extensive usage of pronoun “it” Impersonal language about the issue

Haiku High frequency of “scientific” and “claim” Academic and scientific communication
style

GPT-3.5 High frequency of “combat” and “promote” Bias towards call to action
All models “Evidence” is highly frequent Significance of scientific discourse

All models Positive-positive valenced edges
significantly higher than random chance

Explicitly positive language: positivity bias

Haiku Similar emotion framing between
“medium” and “social”

Discuss health misinformation within social
media context

Haiku Complete lack of anger and sadness in
framing of “social”

Presents social media in a positive/neutral
light

This consistent promotion of trust and anticipation, alongside the over-representation
of positive connections, suggests that while LLMs can foster a reassuring discourse, they
may inadvertently limit the expression of critical or negative perspectives. Such biases
could potentially hinder the detection and correction of misinformation; hence, users
might be more inclined to accept information without sufficient scepticism.

The reader can find a summary of our key findings in Table 6.

4 Discussion
The present work introduces SociaLLMisinformation, a large-scale, open-access dataset
designed to systematically interrogate the cognitive and affective biases embedded within
contemporary Large Language Models (LLMs) across polarising societal themes such as
climate change and health misinformation. By leveraging the interpretable formalism of
textual forma mentis networks (TFMNs; [31, 32, 35]), our approach enables both a nu-
anced, quantitative reconstruction of LLM-generated framings and a robust, comparative
analysis of linguistic and affective patterns at scale.
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Democratic risks of AI AI systems subtly reshape how citizens speak, judge, and
coordinate—creating risks for trust, fairness, and pluralistic participation in democratic
life. In interpersonal communication, algorithmic “smart replies” can make exchanges
faster and sound friendlier, yet merely suspecting AI use leads interlocutors to rate each
other as less cooperative and more dominant, eroding interpersonal trust that deliberation
relies on [63]. In high-stakes evaluations, people strategically self-present as more “analyt-
ical” when they believe AI—rather than humans—is judging them, a conformity pressure
that could narrow the range of publicly expressed identities and viewpoints [64]. Dele-
gation compounds these hazards: when tasks are offloaded to machine agents, principals
become more willing to induce cheating, and AI agents comply with unethical instructions
far more readily than human agents—guardrails help, but rarely eliminate compliance—
raising concerns about scalable norm-evasion and the integrity of rule-governed processes
[65]. Broader reflections from public-sector and society scholarship underscore that AI’s
promised efficiencies arrive alongside unresolved problems of transparency, accountabil-
ity, bias, and the digital divide—each a fault line for institutional legitimacy and equal voice
[66, 67]. At the design level, a recent scoping review finds that generative-AI tools aimed
at “facilitating social interaction” often lack inclusive co-design and evaluation practices,
risking unequal benefits and misaligned interventions in civic and community contexts
[68].

Communication styles of LLMs Our semantic and network analyses reveal that individ-
ual LLMs instantiate divergent communication styles, even when prompted identically.
For instance, whereas models like GPT 3.5 and Mistral tend to foreground collective pro-
nouns (“we”) and actionable concepts, Haiku is distinguished by a more individualistic and
technical lexicon, frequently invoking terms such as “scientific”, “consensus”, and “debate”.
These divergences may be reflecting differences not only in training data and architecture
[69], but also in post-training alignment procedures and prompt engineering; a finding in
line with recent work on LLM stance detection and semantic framing [4, 6, 70].

Yet, across all models, a shared conceptual centrality emerges around “action”, “solution”,
and “evidence”, suggesting a generalised bias toward proactivity and problem-solving. This
is a trend less commonly found in comparable human-generated corpora (cf. LOCO cor-
pus, [41] or Twitter climate datasets [37]). Intriguingly, practical solutions (e.g., “wind”,
“solar”, “nuclear”) remain under-represented, indicating that LLMs may frame problems
as requiring action, yet struggle to specify concrete measures, a limitation likely traceable
to both prompt constraints and a preference for generalisable, non-controversial output
[6, 71].

Positivity bias One of the key findings to emerge from our analyses is the pervasive
positivity-skewed affective bias across all major LLMs. Models such as GPT 3.5, GPT 4o,
Llama 3, Llama 3.1, Claude 3’s Haiku, Mistral, and LLaMAntino consistently favour lan-
guage dominated by trust and anticipation; while conspicuously minimising negative af-
fect (in particular emotions such as sadness, anger, and disgust). This affective smoothing
persists across both English and Italian, and it is observed in discussions on both climate
change and health misinformation.

Interestingly, in the context of climate change, LLMs frequently exhibit a discourse
marked by trust and fatalistic anticipation, mirroring, but not entirely overlapping, hu-
man patterns that alternate between scepticism and fatalism, depending on context and
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personal beliefs [72]. Notably, the same emotional and semantic biases persist when LLMs
address health misinformation. The emotion of “trust” is highly over-represented, partic-
ularly in association with key concepts such as “evidence” and “social”.

This positivity bias aligns with recent findings in the cognitive science of LLMs, where
models trained with Reinforcement Learning from Human Feedback are guided by
system-level constraints and system prompts designed to avoid negative or controver-
sial content [6, 71]. While these constraints serve to limit overt dissemination of harm-
ful stereotypes or misinformation, they inadvertently result in the systematic under-
representation of negative emotional nuances.

Societal implications of LLMs biases Such under-representation of negative emotional
nuances can have significant implications in critical societal domains, like public health
or environmental risk. The optimistic bias, which refers to the positive overestimation of
expectation compared to reality [73], downplays negative emotions and may reduce the
urgency of discourse, potentially blunting public engagement or risk perception [45, 74].
Recently, a study by Kube et al. [75] has shown how optimistic bias can predict low engage-
ment towards pro-environmental behaviour, which can worsen the trajectory of climate
change. For what concerns health misinformation, a correlation between optimistic bias
and misinformation has been observed, as individuals with higher optimistic bias may
selectively seek out information that minimizes perceived risks, thereby reinforcing mis-
perceptions [76].

Such extensive adoption of trust-laden language is problematic. While a discourse char-
acterized by trust may be desirable when LLMs are accurate [45], the same affective fram-
ing, when paired with model hallucinations or misinformation, may encourage users’ un-
warranted acceptance of inaccurate claims. This is a risk already highlighted in studies
of LLM misinformation cascades [70, 77]. The implications for information integrity are
compelling. If users are primed to trust LLM outputs regardless of underlying veracity,
especially in domains such as health or climate risks, this may increase susceptibility to
subtle forms of machine-induced bias or error [17, 69]. If that is the case, a class of people
(those interacting with LLMs) might polarize towards a specific “public opinion”, favour-
ing perspectives that align with the training data’s biases.

Additionally, the uniform positivity and avoidance of negative or sceptical language di-
verges from typical human patterns, which often include scepticism, anger, or fear; i.e.,
emotions essential for critical engagement and risk assessment [5, 45].

SociaLLMisinformation demonstrates that cognitive network science, operationalised
through TFMNs [31, 32] and accessible open-source tools such as EmoAtlas [35], offers a
robust, interpretable alternative to black-box sentiment or topic modelling. The network-
based approach allows for the quantification not only of emotional intensity, but also of the
structural centrality and relational framing of key concepts, thus providing unprecedented
granularity in bias detection.

Limitations and future research Despite the advances enabled by SociaLLMisinforma-
tion and TFMNs for large-scale LLM analysis, notable limitations remain. First of all, it
could be that some of the linguistic or affective differences found are not due to models’
families, but instead to model sizes [26, 27]. In the future, studies might aim to explore
such specific aspects of LLM biases.
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Secondly, the choice to retain and analyse the top 20 nodes based on frequency in the

linguistic analyses, whilst primarily motivated by visualisation purposes, is arbitrary. In

this sense, despite choosing frequency as a proxy for word importance, selecting different

thresholds or measures might lead to slightly different results.

Future research may also explore the use of part-of-speech tagging as a proxy for ex-

amining the communication style of LLMs. While TFMNs do not distinguish between

different parts of speech, more advanced network models that incorporate this feature

could yield novel and insightful results from our dataset.

Another limitation is that, while TFMNs effectively capture population-level affective

and conceptual patterns, they may obscure subgroup-specific differences, such as varia-

tions in discourse across user communities, demographics, or distinct prompting strate-

gies. This lack of granularity means that nuanced biases or context-driven effects are often

missed. In presence of additional data, TFMNs might be used to stratify a given sample of

text while comparing how different groups frame the same concept, as done with STEM

(Science, Technology, Engineering, Mathematics) subjects across 3 LLMs in Abramski

et al. [4].

Furthermore, the inclusion of clear human counterparts for model-generated texts

could be a future direction of our study. However, comparing LLMs’ perceptions against

human ones requires fair prompting systems or similar experimental conditions, which

are crucial to contextualise LLM biases against authentic human discourse. This is com-

plicated by the scarcity of suitable datasets and the challenges of harmonising anal-

yses across diverse sources. Novel naturalistic platforms like YSocial [78], where hu-

man users and LLMs might converse together in the same online platform, could of-

fer intriguing possibilities for gathering novel datasets of comparable human and LLMs’

texts.

Future research should also focus on developing subgroup-aware or session-specific

TFMN methodologies, potentially getting inspiration from multilayer network models

[29] for deeper interpretability, and curating ethically sound, theme-aligned human text

corpora as baselines. These advances would enable more granular, robust assessment of

AI bias and foster a clearer understanding of how LLMs compare to, and potentially shape,

real-world human communication.

The release of SociaLLMisinformation as an open resource dataset represents a critical

contribution, lowering the entry barriers for researchers seeking to audit LLMs, repli-

cate studies, or benchmark new models. Coupling TFMNs with social network analy-

sis (e.g., to examine echo chamber effects [78] or confirmation bias propagation [11])

and longitudinal tracking of model evolution, are particularly promising avenues for fu-

ture research. Spanning cognitive science, computational linguistics, and AI ethics, in-

terdisciplinary collaborations are likely to yield the most robust advances in this do-

main.
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5 Conclusions
In sum, this study aimed at identifying and classifying biases of LLMs (cognitive and emo-
tional), when engaging in socially-relevant topics through a novel analytical pipeline in-
volving methods inspired from cognitive network science. By doing so, we were able to illu-
minate the current landscape of AI-generated discourse: positivity-skewed, trust-centric,
and predominantly action-oriented, but lacking in negative nuance and practical detail.
These characteristics reflect both strengths and limitations of contemporary LLMs, and
underscore the urgency of transparent, network-based methodologies for bias detection
and mitigation. As LLMs become ever more integral to public knowledge and decision-
making, understanding - and ultimately shaping - their cognitive biases must remain at
the forefront of responsible AI development.

Appendix A
Quantisation and temperature settings For locally deployed models (i.e., Mistral, Llama
3, Llama 3.1, and LLaMAntino), we applied varying degrees of quantisation. This tech-
nique reduces the computational demands and hardware requirements for LLMs, en-
abling faster processing speeds [79]. To maintain model performance, we implemented
conservative quantisation levels: 4-bit for Llama 3.1, 5-bit for Llama 3 and 8-bit for Mis-
tral and LLaMAntino. These choices strike a balance between efficiency and the preserva-
tion of model capabilities, minimising accuracy degradation [80]. While quantised mod-
els could return slightly different results, recent findings show that the actual difference in
performances of quantised models can often be negligible [81].

Considering that the 1000 texts for each model/topic were generated using the same
prompt, we opted to set the temperature parameter to 0.5 for all models (except for GPT
3.5 and GPT 4o). In the specific case of GPT 3.5 and GPT 4o, we maintained their de-
fault temperature setting. This choice was made to replicate the typical user experience
when interacting with the model. The default setting of OpenAI’s GPTs employs a method
that sets the temperature based on log probability thresholds rather than a fixed temper-
ature value [82]. For the pre-prompts (or system prompts), we kept simple instructions.
Specifically, they were: You are a helpful assistant. for OpenAI’s GPTs, and Below is an in-
struction that describes a task. Write a response that appropriately completes the request.
for the models that were used locally with LM Studio.

Models The following models with the specific instance and reference were used to
generate the texts: Mistral (mistral-7b-instruct-v0.2.Q8_0, cf. [24]), Llama 3
(Llama-3-8B-Instruct-Q5_K_M, cf. [22]), Llama 3.1 (Meta-Llama-3-70B-Q4,
cf. [23]), GPT 3.5 (gpt-3.5-turbo-0125, cf. [21]), GPT 4o (gpt-4o-2024-08-06,
cf. [9]), Claude 3’s Haiku (haiku20240307, cf. [10]) and LLaMAntino (llamantino-
2-chat-13b-hf-ita.Q8_0 cf. [25]).

Models not interrogated with the API were employed locally through either LM Studio
or through Ollama, as GPT-Generated Unified Format (.GGUF) files.
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Appendix B

Table 7 Top 20 nodes (by frequency) for the climate change topic in English. Columns report node
name, degree (d/100), frequency (f /1000), closeness centrality (c), Euclidean distances (Dd , Df , Dc) to
other models, and average cosine similarity (S). “Climate” and “Change” were excluded as they
dominate all scores

Mistral-7b Llama 3-8B

Node d f c Dd Df Dc S̄ Node d f c Dd Df Dc S̄

we 8.8 7.1 0.62 8.3 8.4 0.11 0.87 we 11.6 6.4 0.59 12.2 7.4 0.07 0.88
it 8.0 6.2 0.61 6.2 6.8 0.06 0.95 it 10.7 6.3 0.58 9.7 6.9 0.04 0.94
I 4.8 4.8 0.55 5.1 3.8 0.03 0.99 I 8.5 4.7 0.56 9.5 3.6 0.04 0.99
action 5.2 3.6 0.55 2.6 2.4 0.04 0.98 action 7.6 4.4 0.55 5.1 3.4 0.05 0.97
believe 5.1 3.6 0.56 4.3 5.0 0.06 0.79 issue 6.4 3.6 0.53 4.2 2.5 0.05 0.98
issue 4.3 3.1 0.54 2.2 1.9 0.04 0.99 energy 4.5 3.1 0.51 4.0 2.2 0.01 0.99
reduce 5.1 2.3 0.56 3.4 1.7 0.02 0.98 reduce 7.4 2.7 0.54 6.2 2.3 0.02 0.98
energy 2.9 2.2 0.51 2.2 1.2 0.01 0.99 sustainable 3.7 2.4 0.50 3.0 2.2 0.03 0.94
require 3.7 2.1 0.53 1.8 0.9 0.04 0.99 global 5.3 2.4 0.52 4.4 1.5 0.04 0.99
rise 3.2 2.0 0.52 1.8 0.6 0.02 1.00 individual 4.7 2.3 0.52 3.7 1.6 0.03 0.99
future 3.2 1.9 0.53 1.8 1.4 0.04 0.96 human 3.7 2.2 0.50 2.7 1.4 0.02 0.98
carbon 2.3 1.7 0.50 2.0 1.3 0.02 1.00 rise 4.8 2.2 0.51 3.4 0.7 0.03 1.00
need 5.3 1.7 0.56 2.8 1.7 0.02 0.97 carbon 3.8 2.1 0.50 3.7 1.8 0.01 1.00
address 4.1 1.7 0.54 2.1 0.4 0.05 1.00 address 6.2 2.0 0.53 3.5 0.5 0.06 1.00
individual 2.4 1.6 0.51 2.4 0.8 0.04 0.99 community 5.6 1.9 0.52 3.3 1.4 0.05 0.97
human 2.5 1.6 0.51 1.4 1.8 0.01 0.95 impact 6.4 1.9 0.54 2.4 1.1 0.09 0.99
community 4.0 1.5 0.54 1.7 0.9 0.03 0.99 collective 3.0 1.8 0.49 2.8 2.2 0.03 0.69
renewable 1.4 1.4 0.47 0.9 0.6 0.02 1.00 emission 5.0 1.7 0.52 4.0 0.8 0.02 0.99
impact 4.7 1.3 0.55 2.0 1.8 0.07 0.97 future 4.2 1.7 0.51 2.9 1.3 0.04 0.97
world 3.4 1.2 0.53 2.5 0.7 0.03 0.98 consequence 5.6 1.7 0.53 4.1 1.4 0.02 0.98

Table 8 Top 20 nodes (by frequency) for the health misinformation topic in English. Columns report
node name, degree (d/100), frequency (f /1000), closeness centrality (c), Euclidean distances (Dd , Df ,
Dc) to other models, and average cosine similarity (S). “Global” and “Warming” were excluded as they
dominate all scores

Mistral-7b Llama 3-8B

Node d f c Dd Df Dc S̄ Node d f c Dd Df Dc S̄

we 7.5 4.4 0.59 5.6 3.8 0.05 0.96 climate 7.7 5.6 0.55 6.7 5.3 0.03 0.97
it 7.2 4.0 0.59 4.7 3.5 0.02 0.97 it 1.4 5.3 0.58 8.6 5.3 0.02 0.97
I 4.3 3.8 0.54 5.3 3.5 0.05 0.95 change 1.8 5.2 0.58 8.2 4.2 0.05 0.98
action 5.0 3.3 0.55 2.1 1.9 0.03 0.98 we 11.0 5.1 0.59 9.8 4.6 0.04 0.97
believe 4.9 3.0 0.55 4.2 3.6 0.06 0.78 I 8.8 5.0 0.56 1.0 4.9 0.07 0.97
issue 4.2 2.8 0.54 2.5 1.4 0.04 0.99 action 6.9 3.8 0.54 4.0 2.5 0.04 0.98
energy 2.7 2.7 0.50 2.1 1.4 0.01 1.00 issue 6.6 3.2 0.54 4.5 1.8 0.03 0.99
reduce 5.5 2.5 0.56 3.5 1.9 0.03 0.98 energy 4.4 3.1 0.51 4.0 2.0 0.01 0.99
rise 3.6 2.5 0.53 2.1 0.9 0.01 1.00 reduce 7.2 2.9 0.54 5.7 2.5 0.02 0.98
human 2.9 2.0 0.52 1.4 1.2 0.02 0.98 rise 5.5 2.6 0.53 4.0 1.0 0.01 1.00
temperature 3.1 1.9 0.52 1.7 1.0 0.02 1.00 carbon 3.4 2.5 0.50 3.1 2.3 0.02 0.99
future 2.9 1.9 0.51 1.2 1.1 0.03 0.97 human 3.5 2.4 0.50 2.2 1.1 0.02 0.99
carbon 2.5 1.9 0.50 1.9 1.5 0.02 0.99 individual 4.9 2.4 0.52 3.8 1.7 0.02 0.98
require 3.3 1.8 0.52 1.7 0.6 0.05 0.98 sustainable 3.6 2.4 0.50 2.9 2.0 0.02 0.97
change 5.5 1.6 0.56 5.4 5.2 0.08 0.93 believe 6.7 2.0 0.54 6.4 2.3 0.05 0.89
individual 2.6 1.6 0.51 2.3 0.9 0.04 0.98 temperature 3.8 1.9 0.50 2.6 1.0 0.02 1.00
cause 4.8 1.6 0.55 2.1 1.2 0.03 0.98 impact 6.4 1.8 0.54 2.6 0.7 0.07 1.00
lead 4.6 1.5 0.55 2.4 0.5 0.02 0.99 emission 5.0 1.8 0.52 3.9 1.0 0.01 1.00
address 3.8 1.5 0.53 2.5 0.7 0.05 1.00 increase 6.2 1.8 0.54 5.3 1.6 0.03 0.99
evidence 3.2 1.4 0.52 2.1 1.5 0.07 0.95 consequence 5.7 1.7 0.53 3.8 0.8 0.02 1.00
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Table 9 Top 20 nodes (by frequency) for the health misinformation topic in English. Columns report
node name, degree (d/100), frequency (f /1000), closeness centrality (c), Euclidean distances (Dd , Df ,
Dc) to other models, and average cosine similarity (S). “Health” and “Misinformation” were excluded as
they dominate all scores

Mistral-7b Llama 3-8B

Node d f c Dd Df Dc S̄ Node d f c Dd Df Dc S̄

it 9.0 5.3 0.6 3.0 2.7 0.03 1.00 it 1.0 4.7 0.58 4.4 2.8 0.04 1.00
false 5.1 3.7 0.55 2.3 2.2 0.03 0.99 healthcare 7.2 4.6 0.55 6.5 4.7 0.03 0.98
spread 7.3 3.0 0.58 2.3 2.7 0.05 1.00 individual 11.2 3.9 0.59 6.9 1.7 0.04 0.99
issue 5.9 3.0 0.56 2.5 2.2 0.02 0.99 promote 8.9 3.7 0.56 5.1 3.0 0.04 0.95
evidence 4.6 2.9 0.54 1.7 3.1 0.02 1.00 evidence 5.5 3.5 0.53 2.2 2.9 0.04 0.99
base 5.6 2.9 0.56 1.5 2.6 0.02 1.00 base 6.7 3.3 0.54 2.7 2.4 0.03 1.00
we 5.2 2.9 0.55 2.8 1.5 0.03 0.99 they 1.5 3.2 0.58 7.4 1.5 0.01 1.00
believe 6.3 2.7 0.57 2.3 2.5 0.03 0.97 spread 9.6 3.2 0.57 3.8 2.4 0.05 1.00
people 7.5 2.7 0.58 3.3 1.5 0.03 1.00 critical 3.9 3.1 0.51 2.3 2.8 0.02 0.96
they 7.9 2.7 0.59 4.2 1.0 0.02 1.00 medium 5.5 3.0 0.53 3.6 2.5 0.01 0.99
individual 6.8 2.6 0.57 4.5 2.9 0.06 0.99 we 5.9 2.9 0.53 3.7 1.5 0.02 0.99
I 3.0 2.6 0.52 2.6 4.6 0.03 0.97 thinking 4.8 2.9 0.52 4.3 2.9 0.03 0.97
public 4.3 2.6 0.54 2.1 5.9 0.04 1.00 lead 1.0 2.7 0.58 6.0 0.9 0.03 1.00
lead 7.6 2.2 0.58 3.2 0.8 0.02 1.00 public 5.3 2.7 0.53 1.6 5.8 0.06 0.99
accurate 3.0 2.0 0.52 1.3 0.6 0.02 0.99 issue 7.0 2.7 0.55 3.9 2.2 0.02 1.00
claim 6.5 1.8 0.57 2.5 2.7 0.02 0.98 treatment 7.1 2.5 0.54 5.2 1.8 0.02 0.99
medium 3.6 1.7 0.53 2.0 2.7 0.01 0.99 false 5.0 2.5 0.52 2.2 2.1 0.04 0.99
promote 5.6 1.7 0.55 3.5 2.1 0.06 0.98 social 4.6 2.4 0.52 3.4 2.1 0.01 0.99
address 5.2 1.6 0.55 2.4 2.4 0.03 1.00 fact 5.2 2.3 0.52 2.9 1.8 0.02 0.96
topic 1.7 1.6 0.50 3.0 1.2 0.04 0.84 address 7.2 2.2 0.55 3.7 2.0 0.03 1.00
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