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Abstract

Socio-linguistic indicators of affectively-relevant phenom-
ena, such as emotion or sentiment, are often extracted from
text to better understand features of human-computer interac-
tions, including on social media. However, an indicator that
is often overlooked is the presence or absence of informa-
tion concerning harms or hazards. Detecting such indicators
in text is important because substantial research demonstrates
that negative events are more likely to be attended to, and
more likely to elicit a response. In addition, statements about
hazards are often found to be more believable than statements
about benefits. Here, we develop a new model to detect infor-
mation concerning hazards, trained on a new collection of an-
notated X posts. We show that not only does this model per-
form well (outperforming, e.g., dictionary approaches), but
that the hazard information it extracts is not strongly cor-
related with such widely used indicators as moral outrage,
sentiment, and emotions. (That said, in accord with expecta-
tions, hazard information does correlate positively with such
emotions as fear, and negatively with emotions like joy.) To
demonstrate the utility of our tool, we apply it to two datasets
of X posts that discuss important geopolitical events, namely
the Israel-Hamas war and the 2022 French national election.
In both cases, we find that hazard information, especially
information concerning conflict, is common. We extract ac-
counts associated with information campaigns from each data
set to explore how information about hazards could be used
to attempt to influence geopolitical events. We find that inor-
ganic accounts representing the viewpoints of weaker sides
in a conflict often discuss hazards to civilians, potentially as
a way to elicit aid for the weaker side. Moreover, the rate
at which these hazards are mentioned differs markedly from
organic accounts, likely reflecting information operators’ ef-
forts to frame the given geopolitical event for strategic pur-
poses. These results are first steps towards exploring haz-
ards within an information warfare environment. The model
is shared as a Python package to help researchers and jour-
nalists analyze hazard content.

Code —
https://github.com/KeithBurghardt/HazardPackage

Datasets — https://github.com/KeithBurghardt/
HazardPackage/tree/main/ground_truth_data
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Introduction

Because the mind treats information regarding hazards dif-
ferently than other types of information, developing tech-
niques to identify hazard information can shed important
light on the impact of online content. Humans pay particular
attention to information that could signal potential hazards
or dangers in their environment (Soroka, Fournier, and Nir
2019; Ohman and Mineka 2001). As a result, negative events
tend to have more potent and lasting effects than their posi-
tive counterparts (Baumeister et al. 2001; Rozin and Royz-
man 2001). In a similar vein, negative news attracts more
attention (Soroka, Fournier, and Nir 2019), negative infor-
mation spreads more readily than positive information (Beb-
bington et al. 2017; Blaine and Boyer 2018; Fay et al. 2021;
Ferrara and Yang 2015; Brady et al. 2017), and fear speech
(negative information about a particular group) can drive
groups towards conflict (Saha et al. 2023). Compounding
overall negativity bias, people tend to find information about
hazards more believable than information about benefits, a
property termed negatively-biased credulity (Fessler, Pisor,
and Navarrete 2014). In accord with these features of nega-
tive information, such information is a factor in the spread of
misinformation (Vosoughi, Roy, and Aral 2018; Ecker et al.
2022; Youngblood et al. 2023), suggesting that it could be a
potent tool for information operations, i.e., sets of accounts
aimed at influencing public opinion online.

Although prior research has developed vital tools for iden-
tifying a variety of dimensions of social media content, to
date, the importance of extracting information concerning
hazards has been largely overlooked. We define hazards as
negative events that entail a high probability of a significant
(and often immediate) cost to individual interests (Fessler,
Pisor, and Navarrete 2014). Although not all hazards are
life-threatening or externally imposed (e.g., natural disasters
such as hurricanes), they all represent threats that warrant
attention and response. It is particularly critical to analyze
information concerning hazards during events such as terror
attacks or wars (Choi et al. 2022; Jamil, Pais, and Cordeiro
2022; Alshehri, Abdul-Mageed et al. 2020), where the dis-
semination of threat-related language can significantly influ-
ence public perception and behavior.

We address the gap in the existing literature by devel-



oping a multilingual model to recognize information con-
cerning hazards (hereafter, for simplicity, “hazards”) ex-
pressed in text messages on X (formerly Twitter). We val-
idate the model on human-annotated data and show sub-
stantially higher performance over baselines. The model is
highly scalable, enabling us to quantify the likelihood that
hazards are present in millions of posts. We show that while
the model’s hazard classifier is somewhat correlated with
negative emotions such as anger and fear, it goes beyond
such indices, capturing additional salient information about
potential dangers.

We apply this model to two diverse multilingual X
datasets that serve as case studies of the model’s utility.
Namely, we detect hazards in posts from 2023 about the
Israel-Hamas war, and posts from 2022 about the French na-
tional election. The datasets are unique, from different loca-
tions and types of conflict (war versus political contest), as
well as different languages, including Arabic, French, and
Chinese. Moreover, these data contain material that we at-
tribute to information operations. We see notable differences
in how information operation accounts describe threats (for
example, emphasizing harms in Gaza and not in Israel),
while also using hazards to demean an opponent. We also
find that the prevalence or frequency of specific hazards
differs greatly between different information operations, re-
flecting different interest factions within each dataset. These
findings appear to show that hazards to civilians are consis-
tently used to justify aid to the weaker side in a conflict.
More broadly, these results demonstrate how identifying
hazards can reveal salient features, potentially unmasking
information operation tactics. Because our hazard-detection
model has broad utility, we have created a package that en-
ables any researcher to apply it to their own datasets; we do
so recognizing that the present effort is a first step towards
comprehensive hazard detection, as additional research will
improve the model.

In summary, our contributions are as follows.

* We develop and share a new model to extract hazards
from social media posts.

e To demonstrate the model’s utility, we apply it to two
newly collected online datasets, and contrast hazards to
alternative indicators of affect and threat.

e We analyze hazards used in information operations to
further reveal influence tactics.

* We share hazard-annotated data from a wide range of X
posts so as to enable researchers to iteratively improve
upon this model.

Overall, these results demonstrate the need for, and utility
of, our new tool to detect information about hazards, espe-
cially in social media environments.

Related Work
Information Operations

Our work focuses on hazards in information opera-
tions, coordinated efforts to change behaviors or opinions
(Burghardt, Hogg, and Lerman 2018), especially during im-
portant events, such as the Israel-Hamas war (Dey, Luceri,
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and Ferrara 2024), or elections (Badawy, Ferrara, and Ler-
man 2018; Burghardt, Hogg, and Lerman 2018). Detecting
information operations is difficult, as, with few exceptions
(e.g., (Luceri et al. 2024)), investigators generally lack ac-
cess to ground-truth datasets with which to train or evaluate
a model. Instead, researchers typically aim to detect strong
coordination, such as unusually similar text or hashtags
(Burghardt, Hogg, and Lerman 2018; Luceri et al. 2024),
or quick reposts (Mazza et al. 2019). In the present study,
we use hashtag matching (Burghardt, Hogg, and Lerman
2018; Luceri et al. 2024), as well as a method by Luceri
et al. (Luceri et al. 2024) which combines several different
approaches together: co-posting, co-URL sharing, fast re-
posting, hashtag matching, and text similarity. It then finds
the eigenvector centrality of the network, as high eigenvec-
tor central nodes are more likely to be part of an information
campaign.

Linguistic Indicators in Text

Detecting indicators from text has a long history. One of the
first methods to do this was The General Inquirer (Stone,
Dunphy, and Smith 1966), and, more recently, text indi-
cators have been analyzed with LIWC (Pennebaker, Fran-
cis, and Booth 2001). These dictionary-based approaches
have subsequently been largely replaced by rule-and-word
approaches, such as VADER (Hutto and Gilbert 2014),
which have themselves been superseded by text embedding
approaches, including SeerNet (Duppada, Jain, and Hiray
2018), a moral outrage classifier (Brady et al. 2021), and
DeepMoji (Felbo et al. 2017). The advantages of these ap-
proaches are that embeddings can learn how semantically
similar content has similar indicator values (e.g., “I am sad”
and “This day was awful” would be viewed as sad state-
ments even when the two sentences do not have any words
in common). These approaches are based on GRU (Dey
and Salem 2017) or LSTM (Hochreiter and Schmidhuber
1997); however, more recently, transformer-based models
(Vaswani et al. 2017), such as BERT (Devlin et al. 2018)
and Sentence-BERT (Reimers and Gurevych 2019), have
become popular for uses such as detecting hate speech (Da-
vani, Diaz, and Prabhakaran 2022) or emotions (Acheam-
pong, Nunoo-Mensah, and Chen 2021). Unlike prior ap-
proaches, transformer models account for context. Finally,
these methods have been improved with SpanEmo (Alhuzali
and Ananiadou 2021) or Demux (Chochlakis et al. 2023),
which account for correlations between labels.

LLM Approaches to Text Analysis

While traditional methods to detect linguistic indicators are
either dictionary approaches, e.g., LIWC (Pennebaker, Fran-
cis, and Booth 2001), or supervised methods on smaller
language models, such as Demux (Chochlakis et al. 2023),
there has been a recent advance in LLM appropaches, es-
pecially given their wide applicability (Cao et al. 2025).
These approaches include using Large Language Models
(LLMs) to similarly detect emotion (Peng et al. 2024) or
othering language (Gerard, Weninger, and Lerman 2025)
via LoRA fine-tuning (Hu et al. 2022) and Prompt Tun-
ing (Liu et al. 2021). These techniques (along with QLoRA



(Dettmers et al. 2023)) allow for efficient fine-tuning of
multi-billion parameter models by adding a low-rank matrix
to each layer. Alternative methods include few-shot learn-
ing (Hong et al. 2025), in which prompts are injected with
additional examples to give context to a prompt. In con-
trast, reasoning is found to improve model performance, and
therefore having LLMs explain their step-by-step reasoning
improves their performance across a range of tasks (Hama,
Otsuka, and Ishii 2024).

Here, we develop a transformer-based model to extract
hazards—a previously under-studied indicator—from social
media posts. We apply a range of models to sentence embed-
dings and compare these with both LLM (GPT-3.5, GPT-4,
and GPT-5 (Achiam et al. 2023)) and dictionary approaches
to detect hazards in text (Choi et al. 2022). As effective base-
lines, we include both few-shot prompting and reasoning,
but leave a fine-tuned LLM baseline as future work. While
Choi et al.’s analysis of threats in text is perhaps most similar
to our project, we detect hazards rather than threats. More-
over, we apply multi-lingual Al models to detect hazards,
which we find is a significant improvement over dictionary
approaches, such as that of Choi et al. (Choi et al. 2022).
This work also compliments prior work detecting hazardous
events in a time series (Jamil, Pais, and Cordeiro 2022), as
well as explicit threats (dangerous speech) (Alshehri, Abdul-
Mageed et al. 2020).

Negatively-Biased Credulity

As noted above, a growing corpus of research documents
that negative information spreads more readily than positive
information. For example, negative content is more likely
to be shared (Martel, Pennycook, and Rand 2020; Young-
blood et al. 2023); moral-emotional language (often in large
part negative in nature) spreads the most in partisan discus-
sions (Brady et al. 2017); negative sentiment posts spread
faster (Ferrara and Yang 2015); and moral outrage makes
posts more viral (Brady et al. 2021). One factor likely con-
tributing to the asymmetry in the spread of negative versus
positive information is that negative information — particu-
larly information about potential dangers — is more likely
to be believed. For people past and present, believing false
information about hazards has, likely been less costly on av-
erage than rejecting true information about hazards, since
taking unnecessary precautions generally entails less dire
consequences than does failing to take necessary precau-
tions against threats; in contrast, there likely has not been an
overarching pattern with regard to the respective costs and
benefits of believing or not believing information about ben-
efits. People therefore broadly find information about haz-
ards more believable than information concerning benefits,
a pattern termed negatively-biased credulity (Fessler, Pisor,
and Navarrete 2014; Fessler, Pisor, and Holbrook 2017;
Fessler 2019; Samore et al. 2018; Forgas 2019). Of partic-
ular relevance in regard to information operations, work on
negatively-biased credulity articulates with investigations on
the role of credulity in recipients’ susceptibility to manipu-
lation (Little 2017; Kartik, Ottaviani, and Squintani 2007).
Although there are many points of contact between psy-
chological research on negatively-biased credulity and ex-
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isting work on the spread of information, misinformation,
and disinformation, this construct also calls attention to po-
tentially important distinctions that have been overlooked in
prior research on information spread. With a logic grounded
in evolutionary theory, a core insight of work on negatively-
biased credulity is that not all negative information confers a
similar survival advantage. Specifically, swiftly recognizing
imminent threats (Ohman and Mineka 2001) (marked, for
example, by fear) is more critical to survival than is revisit-
ing past losses (marked, for example, by sadness). Hence,
while negative emotions as a category may reduce belief
in a false claim (Phillips et al. 2025), discussion of hazards
seems to increase it (Fessler 2019). Likewise, although other
evidence shows that overall emotion perception is associ-
ated with both poor misinformation discernment and mis-
information sharing (Bago et al. 2021; Martel, Pennycook,
and Rand 2020), such work does not differentiate between
emotions attending messages concerning hazards and those
attending messages concerning benefits. As a metric of con-
tent, it is therefore critical to distinguish information about
hazards from negative valence in general, the presence of
emotion-laden information, or other features of language.

We expand on previous research regarding negativity by
developing a novel hazard detection tool. We demonstrate
this tool’s utility by applying it to millions of social media
posts. We employ large datasets that provide enough statis-
tical power for us to assess how statements about hazards
vary after major events, how they relate to other indicators,
and how diverse groups discuss hazards. In turn, this can in-
form hypotheses about how hazard information is harnessed
when trying to influence social media users.

Research Methods

All data collected and analyzed were determined to be ex-
empt from assessment by the institutional review board of
the lead author’s university, where all modeling, data col-
lection and data analysis were conducted. All annotations
were non-human-subject research. In addition, all data were
anonymized prior to analysis or annotation to minimize pri-
vacy risks. This was accomplished via anonymization of
user names and profile content.

Hazards Benchmark: Data and Model

We curate a ground truth dataset with which to train models
to recognize hazards. This process involves collecting and
annotating posts for the presence of hazards. This ground
truth dataset is then used to train a language model to clas-
sify hazards posts.

Ground Truth Data To create the benchmark X post
dataset, we first extracted 1,338 X posts containing at least
one word from the Threat Dictionary (Choi et al. 2022). Al-
though we are not aware of any dataset annotated for haz-
ards, we chose this size as approximately the median num-
ber of posts annotated for valence across several previous
datasets (cf. Table 1 in (Mendes and Martins 2023)). We
confirm that this is a sufficient sample through the model
performance described in the Results section. In order to
produce a representative sample, data are collected via X’s



Academic API between March 2006 (when X, then Twitter,
was founded) and late 2022.

We randomize the order of these posts and recruit Cloud
Research annotators to label any hazards present therein via
a Qualtrics survey. For each post, workers answer, “Does the
tweet describe a hazard (something that could impose harm
or other costs on the author of the tweet or on others)?”.
(Our annotations predate X’s name change from Twitter,
hence our use of “tweet” in the annotation question rather
than “post”.) Workers are paid $2 for each assignment in
which they annotate 10 random posts (on average this took
11 minutes to complete, hence compensation was equivalent
to $12 an hour). To account for workers who do not mean-
ingfully complete the assignment, we add an easy question
(specifically “choose the answer to 2+2”’) midway through
the survey and remove any workers who did not complete
it. We also remove annotations that are unfinished or take
less than 200 seconds to complete (this was an arbitrary cut-
off to better ensure that the annotations were not completed
carelessly). As all data are annotated before 2023, we be-
lieve that the prevalence of workers annotating using LLMs
(Veselovsky, Ribeiro, and West 2023) was minimal.

To check inter-rater reliability, we used the R library
irrNA (Brueckl and Heuer 2022), which assumes randomly
missing data (this assumption is consistent with our an-
notation methodology, as we assign 10 posts at random
to each rater). Applied to the dataset, we have an Intra-
class Correlation Coefficient of: ICC(1) = 0.12, ICC(k) =
0.29, agreement of ICC(A,1) = 0.17, ICC(Ak) = 0.37,
ICC(C,1)=0.17, and ICC(C,k) =0.37 (p-values < 0.001).
These values can be interpreted as moderate consistency
but poor agreement. However, these values are in keeping
with other subjective text rating tasks, including hate speech
(Sachdeva et al. 2022) and emotions (Mohammad et al.
2018). The low ICC may also reflect the difficult nature of
the task that we gave annotators, as they were trying to dis-
tinguish between posts with versus without hazards despite
the fact that all of the annotated posts contain Threat Dictio-
nary words.

All posts annotated by fewer than two crowd workers
are discarded, resulting in a dataset with 1,131 posts for
training, validation, and testing. We use Python’s demoji li-
brary (https://pypi.org/project/demoji/) to convert all emojis
to words in order to reduce artifacts in the embeddings. All
data are collected according to the FAIR principles: Findable
(these data are directly available via the repository link at the
end of the Introduction section, and contain a unique iden-
tifier with all metadata described), Accessible (the link is
accessible to anyone), Interoperable (metadata use a formal
and broadly applicable language), and Reusable (all data are
described in detail). In the repository link, we also include a
datasheet for the dataset Gebru et al. (2021).

Additional Dataset Annotations Random posts that we
use to train the model might not be representative of the
Israel-Hamas war and 2022 French election datasets to
which the model is to be applied. To address this potential
limitation, we trained three students to annotate 150 random
posts within each of the respective datasets. To adequately
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compare our model against the Threat Dictionary, and be-
cause these students were native English speakers, we trans-
lated all text to English prior to annotation. We specifically
used X translated text for French posts, and translate Arabic
text to English using Google Translate as the Twitter trans-
lations were not available for that set of text. We provided
each student with the same guidelines given to Cloud Re-
search workers, but to ensure data quality, we also had stu-
dents label posts “-1” if there was not enough information
to determine whether the post contained a hazard (e.g., a
post containing a URL), and “1/2” if the annotator had low
confidence that the post contains a hazard due to an ambigu-
ous scenario (e.g., parading around a body). To clean data,
we removed any post that any of the annotators rated as “-
17; for the rare cases in which a post was labeled “1/2”, we
designated the post as “not hazard”. This makes it especially
difficult for the model, as it was trained on tweets containing
hazards, and would presumably have a higher false-positive
rate. After data cleaning, we have 124 annotated posts in the
Israel-Hamas war dataset, and 135 posts in the 2022 French
election dataset. The Fleiss Kappa scores for these anno-
tations are 0.40 and 0.49 for the Israel-Hamas and French
election datasets, respectively, representing moderate agree-
ment. There were 74% and 10% of data labeled hazards in
the respective datasets (which intuitively indicates a high
rate of hazard discussions within a war context).

Model Training We use 90% of data for training
or validation and 10% for testing, ensuring a suf-
ficient amount of training data for each model. We
choose from four multi-lingual sentence transformers:
distiluse-base-multilingual-cased-v2,
paraphrase-multilingual-MinilM-L12-v2,
Qwen3-Embedding-0. 6B, and
stsb-xlm-r-multilingual to embed text in the
datasets. Multilingual text embedding models were used
because of the different languages in each social media
dataset. We then apply several supervised models to these
embeddings, including XGBoost (Chen and Guestrin
2016) (via https://xgboost.readthedocs.io/), neural networks
(Abadi et al. 2015), random forest (du Boisberranger
2024a; Ho 1995; Pedregosa et al. 2011), and support vector
machines (SVMs) (du Boisberranger 2024b; Hearst et al.
1998; Pedregosa et al. 2011); the latter two are trained
via scikit-learn (Pedregosa et al. 2011). We use
BayesSearchCV to optimize hyperparameters for random
forest, SVM, and XGBoost (Head et al. 2024). We find the
optimal parameters via five-fold cross-validation of the data
split after ten iterations and minimize each model’s default
scoring metric. We also use GPyOpt Bayesian Optimization
for a feedforward neural network (authors 2016). The best
hyperparameters are shown in the GitHub repository.

We also experimented with augmenting human annotated
posts with 5,000 GPT-3.5 annotated posts that contained
words from the Threat Dictionary (Choi et al. 2022), and
5,000 posts collected at random (containing popular En-
glish keywords, namely any of the top 100 lemmas within a
large corpus (https://www.wordfrequency.info/samples.asp)
that X does not consider stop words. This augmentation did



not significantly change the performance of the model. All
models are trained via NVIDIA Tesla K80 GPU with 12GB
of VRAM; we predict text via GeForce RTX 2080 GPU with
8GB VRAM. For comparison, we also use GPT-3.5, GPT-
4, and GPT-5 (Achiam et al. 2023) with few-shot learning
and chain-of-thought prompting (Wei et al. 2022) via the
prompt, “Does the tweet [story] describe a hazard (some-
thing that could impose harm or other costs on the author
of the tweet or on others)? Please answer ‘yes’ or ‘no’ and
explain your thought process.” and include zero, two, or five
examples of posts containing hazards and posts that do not.
All texts with “yes” are labeled “hazard,” and those without
are labeled “not hazard” (rare situations where the LLMs do
not know if a hazard exists in text are labeled “not hazard”).

Comparison to Alternative Text Indicators

We compare our hazard detection model to alternative
text indicators of affect-related phenomena: moral outrage
(Brady et al. 2021), sentiment (VADER) (Hutto and Gilbert
2014), emotion detection (Demux) (Chochlakis et al. 2023),
and threat words (Choi et al. 2022). These are state-of-the-
art methods for detecting each indicator. These code are un-
der a MIT license (VADER and Demux), and Creative Com-
mons Attribution-NonCommercial-ShareAlike 2.0 license
(moral outrage), respectively, and are adapted as needed to
run on a GeForce RTX 2080 GPU with 8GB VRAM. All
model outputs that we analyze are continuous (such as confi-
dence values for emotions), with the exception of the Threat
Dictionary (Choi et al. 2022), in which we indicate if a threat
word is (1) or is not (0) present in a post. Because the Threat
Dictionary is not necessarily a comprehensive dataset, we
also found the top 3 nearest synonyms to each word in the
Threat Dictionary using a pruned Word2Vec trained on the
Google News Dataset (Bird and Loper 2004). We then com-
pare the performance of this enhanced dictionary on anno-
tated datasets to the best-performing model. We also com-
pare how the enhanced threat dictionary results compare on
the two datasets studied. The enhanced dictionary is avail-
able on our GitHub.

X Data

To demonstrate the hazard detection model’s utility, as case
studies, we apply it to two separate datasets.

Israel-Hamas War Our analysis uses a corpus of 3.6M
posts, from 1.3M accounts, spanning the period from Au-
gust 31 to November 1, 2023, about the 2023 Hamas attack
on Israel and Israel’s subsequent invasion of Gaza. The posts
were collected by querying X with a set of keywords related
to the war: e.g., “Israel,” “Hamas,” “Gaza,” etc. These data
are multilingual, with approximately 93% of the posts in En-
glish, 6.5% in Arabic, and a small proportion in other lan-
guages.

2022 French Election We also analyze 5.9M posts, from
677K accounts on X, related to the 2022 French elec-
tion that took place April 10-24, 2022. The dataset spans
February 14 to June 30, 2022. The posts were collected by
querying X with a set of keywords related to the election,
e.g., major candidates such as “Macron”, “Marine Le Pen”,
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“Mélenchon”, etc. These data were also multilingual, with
95% in French and 5% in English.

Coordination

We further partition each dataset using a common coordi-
nation metric (Burghardt et al. 2023; Luceri et al. 2024), in
which accounts are deemed coordinated if they post near-
duplicate sequences of hashtags (which are strongly asso-
ciated with near-duplicate messages). More specifically, for
any pair of accounts, we label them as coordinated if (a) they
both have posts containing three or more hashtags, and (b)
the sequence of hashtags is exactly the same between both
posts. While simple, this method has proven to be a very ef-
fective tool for detecting coordinated accounts (Burghardt
et al. 2023). This method is effective because even when
coordinated accounts try to obfuscate their authenticity by
re-writing a post across various posts, the sequence of hash-
tags is often the same. In addition, we create a network of
accounts that are linked based on this indicator of coordina-
tion. Connected clusters often represent distinct sets of mes-
sages consistent with particular information operations.

Applying this method to the Israel-Hamas war dataset, we
extract 4.2K coordinated accounts that posted 69K posts,
of which 82.7% were in English, 16.7% in Arabic, 0.5%
in Hebrew, and a small proportion in other languages. For
the 2022 French Election dataset, we extract 179 accounts
that posted 27K posts, of which 91% were in French and
the rest were in English (a substantially smaller percentage
that were in French compared to the data at large). To check
the robustness of these results, we also used an alternative
state-of-the-art coordination algorithm (Luceri et al. 2024),
in which we calculated the co-repost similarity, co-url simi-
larity, rapid retweet similarity, text similarity, and the hash-
tags shared, and combined these into one network. Within
this network, we calculated accounts as coordinated if their
eigenvector centrality were ; 0.002, following prior work
that shows even this modest centrality metric strongly sepa-
rates coordinated accounts from authentic users (Luceri et al.
2024). This method finds 409 accounts that post 6.8K posts
in the Israel-Hamas dataset and 1.8K accounts that post 9.2K
posts in the French election dataset. In the former dataset, we
find 99.6% of coordinated account posts are in English, and
the rest in Arabic, while in the latter dataset, 91% of posts
are in French and the rest in English.

We share the coordinated networks in the repository, but,
because X’s terms of service do not allow us to share post
text, and because we have removed all text IDs and account
IDs, we do not share additional data. Because these data
are public and anonymized, it was not necessary to obtain
consent from accounts to extract these data. We show the
frequency of posts over time for coordinated and authentic
(non-coordinated) accounts in the Appendix (Figs. S1).

Results
Hazards Model and Validation

Performance of the hazards detection model on benchmark
data is shown in Fig. 1. Despite the simplicity of the XG-
Boost model, its performance is comparable to LLM mod-
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Figure 1: Performance of models on human-annotated X posts. (a) We show the ROC-AUC of XG-Boost (XGB) (Chen and
Guestrin 2016), a neutral network (NN) (Abadi et al. 2015), random forest (RF) (Ho 1995), and a support vector machine (SVM)
(Hearst et al. 1998) trained on human-annotated posts for multi-lingual embedding models described in the Scientific Methods
section. We also show the ROC-AUC of GPT-3.5, GPT-4, and GPT-5 with zero-shot, two-shot, and five-shot predictions.
Finally, we also show performance of the Threat Dictionary plus synonyms (“T.D. + Synonyms”) at predicting threat text (if
a post contained a word that was in this set of words, we labeled the data “hazard”; otherwise it was not). Gray bars represent
standard deviations across 50 evaluations. (b) Best model performance and baseline performance on posts from the 2023 Israel-
Hamas war dataset. (c) Best model performance and baseline performance on posts from the 2022 French election dataset.

els, with an area under the receiver operating characteris-
tic curve (ROC-AUC) of 0.79 £0.04 (Fig. 1). Due to the
variance in the performance metric (gray bars), it is uncer-
tain whether the model outperforms all models, although
its substantially higher throughput and low cost make it an
obvious choice compared to GPT models when applied to
millions of social media posts. This training dataset uses
posts that contain words from the Threat Dictionary (Choi
et al. 2022), making the dataset especially challenging, as,
despite the posts containing threat words, only a subset in-
clude information about hazards. Notably, this implies that
simple lexical models, like those based on the Threat Dictio-
nary and synonyms, are a poorer tool, as the Threat Dictio-
nary + Synonym baseline has an ROC-AUC of 0.68 £ 0.04.
This demonstrates the need for an Al-based method that
can go beyond dictionary baselines. We also compare our
human annotations of posts in the Israel-Hamas and 2022
French election dataset, respectively (see details in the Re-
search Methods section), where we translate all text to En-
glish to give dictionary-based methods a more even foot-
ing. The results indicate the model achieves strong general-
izability, even across thematically distinct datasets and dif-
ferent years, and captures context better than dictionary ap-
proaches.

Hazards in Real-World Data

We show in Fig. 2 how the hazard confidences compare to
other linguistic indicators of affect in our two X datasets on
important geopolitical events. We then show the words most
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often seen in high- and low-hazard posts in each dataset,
clarifying how hazards are typically described. Next, we
show how hazards are discussed over time, especially within
different sets of coordinated accounts that concern each
geopolitical event.

Linguistic Analysis of Hazards As we detail in the Dis-
cussion section, our model can potentially be used to tackle
a variety of questions in which the presence of hazard in-
formation is relevant. In order to demonstrate the model’s
utility as a research tool, below we employ the model to in-
vestigate coordinated accounts in social media.

Figure 2 shows correlations between hazard confidences
and other text indicators of affect-relevant phenomena ex-
pressed in each post, including moral outrage (Brady et al.
2021), sentiment (Hutto and Gilbert 2014), emotion con-
fidence (Chochlakis et al. 2023), and threat words (Choi
et al. 2022). In all cases, the absolute value of Spearman
correlations is below 0.5, suggesting that alternative indica-
tors do not fully capture information about hazards in text.
That said, the positive or negative direction of the correla-
tions makes intuitive sense. For example, moral outrage is
weakly positively correlated with hazards, perhaps because
people share their moral outrage towards some hazards, such
as those that harm the innocent. Similarly, negative senti-
ment, as well as most negative emotions and posts contain-
ing Threat Dictionary (Choi et al. 2022) words, show pos-
itive correlations with hazards. This is consistent with the
negative framing of the hazard posts (cf. example hazard an-
notations and predictions in the Appendix Table S1).
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Figure 2: Understanding hazards. Spearman correlation be-
tween hazards moral outrage (Brady et al. 2021), senti-
ment (Hutto and Gilbert 2014), emotions (Chochlakis et al.
2023), Threat Dictionary (Lilienfeld and Latzman 2014) and
threat synonyms for (a) the Israel-Hamas war, (b) the 2022
French election. All values are statistically significant (p-
value < 0.05).

We also find in Appendix Tables S2 & S3 that high-
hazard post words relate to “terror”, “bien-&tre” (well-
being), or “corrupt” while low-hazard post words include
“pond,” “demain” (request), or 72019,” which appear in
posts that describe non-violent concepts, especially those
that are not time-sensitive. While some hazard words are
similar to threat words seen in (Choi et al. 2022), some
hazard-related words cannot easily be captured with the

Threat Dictionary, such as “children,” “send,” or “Ameri-

376

can,” as these are associated with the target of harms (harm
of the innocent, sending aid, etc.).

Hazard
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Figure 3: Hazards in representative large coordinated ac-
count clusters for (a) the Israel-Hamas war, (b) the 2022
French election. Mean hazard confidence per account is
shown as a color from yellow to purple. Top hashtags and
example posts are shown next to each cluster.

Israel-Hamas War Next, we explore how hazards are
used within coordinated influence campaigns, specifically
how hazard content differs between authentic and inauthen-
tic posts in the Israel-Hamas war dataset.

Appendix Fig. S2 shows that likely authentic accounts
emphasize the association between hazards and children,
civilians, and terror (reflecting hazards surrounding the Oc-
tober 7th Hamas attack on Israel, as well as later bombings
of Gaza). In contrast, coordinated accounts do not appear to
associate the terrorist attack with a hazard, but instead as-
sociate hazards with bombs and civilians (reflecting Israel’s
assault on Gaza). Analysis of individual posts confirms these
observations. We show words associated with high- and low-
hazard posts for coordinated and authentic accounts in Ap-
pendix Tables S4, S5, S6 & S7. We find that the hazard rate
is not statistically significantly different overall between co-
ordinated and authentic accounts (Mann-Whitney U test p-
value > 0.1), where both have a mean hazard confidence
of 0.54 across all posts (including reposts), but this be-
lies significant differences within clusters and across time.
Moreover, with an alternative coordination metric (Luceri



et al. 2024), we find coordinated accounts have significantly
higher mean model confidence value (0.55 vs 0.54, Mann-
Whitney U test p-value < 0.0001).

We look within coordinated accounts in Fig. 3a, which
shows examples of smaller coordinated account clusters.
The links connect accounts that are deemed to be coordi-
nated based on their text (see Methods). The top hashtags are
shown next to each cluster. Both clusters in this figure show
higher hazard confidence (0.55 and 0.63 for the left and right
clusters, respectively, versus 0.54 for all non-coordinated
clusters, Mann-Whitney U test p-value < 0.001), apparently
because of the discussion of hazards against civilians (e.g.,
“#IsraelTerrorist” is the second-most popular hashtag in the
cluster on the left). We show embeddings of posts from these
clusters are shown in the Appendix Fig. S4a, where we see
the posts have overlapping embedding distributions, sug-
gesting the topic themes are similar (Grootendorst 2022), in
agreement with the top hashtags observed.

The top hashtags for the largest cluster of our dataset
(1.9K accounts, 42K posts, mean hazard confidence across
all posts: 0.52) are ’#IsraeliNewNazism’, (3.3K posts),
"#Gaza_under_attack’ (2.3K posts), *#Israel’, (2.3K posts),
and so on. Posts on October 7, 2023, the day of the Hamas at-
tack, discount the Israeli lives lost with posts such as “Pales-
tinian rockets launched from Gaza hit the center of Israel’s
capital city, Tel Aviv. Finally Israel Is Going To Be Finished
Today Insha’ Allah”. Posts long after the attack, meanwhile,
discuss hazards toward Gazans, e.g., “’My three children. I
lost them all!”...” (And interestingly, the same accounts pro-
mote protests in the U.S., with posts such as “Enthusiastic
demonstration of students and professors of the University
of California, Berkeley in support of Palestine...”). In gen-
eral, these results paint a picture of a selective discussion of
hazards.

2022 French Election As a second demonstration of the
model’s utility, we analyze social media related to the
2022 French election. Coordinated influence campaign ac-
counts appear to hijack election discussions to request aid to
Ukraine during the Russia-Ukraine war, as shown in Fig. 3b,
where we plot the largest clusters consisting of 48 out of
179 coordinated accounts. Account-level hazard rates do not
differ substantially between coordinated and authentic ac-
counts (0.35, Mann-Whitney U test p-value > 0.1), although
for an alternative coordination metric (Luceri et al. 2024),
we find coordinated accounts have significantly higher con-
fidence (0.48 vs 0.35, Mann-Whitney U test p-value <
0.0001). These findings match what we also see in the Israel-
Hamas war dataset. Appendix Fig. S3 shows that likely au-
thentic accounts emphasize the association between haz-
ards and the Russia-Ukraine war (“russie” and “1’ukraine”),
while coordinated accounts discuss nuclear (“nucléaire”)
or associate Russia with hazards “russian” vs low-hazard
“I’ukraine”. See also the words most, and least, associated
with hazard posts in Appendix Tables S8, S9, S10 & S11.
To better understand these results, we analyze the individual
clusters of coordinated accounts.

In Fig. 3b, we see 3 major clusters. The second and third-
largest of which (28 accounts, 361 posts, mean hazard con-
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fidence across all posts: 0.53 for the largest, and 0.45 for the
smallest cluster, Mann-Whitney p-value < 0.001, compared
to non-coordinated posts) has the top hashtags #StopRus-
sia’ (156 posts), #StopPutin (154 posts). We see that the vast
majority of these posts were aimed at a French audience,
especially Emmanuel Macron, with posts such as “@Em-
manuelMacron Ban Russia from SWIFT!...” (over 92% of
the posts in each cluster mention “Macron” or “macron”).
These posts are broadly requesting aid to stop Russia’s inva-
sion of Ukraine. In contrast, the largest cluster (20 accounts,
322 posts) hijacks terms associated with the French election
to advocate for regime change in Uganda; it too has higher
hazard model confidence values (0.46, Mann-Whitney U test
p-value < 0.001). We show embeddings of posts from these
clusters are shown in the Appendix Fig. S4b, where we see
the clusters related to Russia and Putin posts have overlap-
ping embedding distributions, suggesting the topic themes
are similar (Grootendorst 2022), in agreement with the top
hashtags observed. The Uganda-themed cluster, meanwhile,
shows a distinct distribution.

Hazards Over Time

The model also demonstrates several surprising trends in the
way hazards vary over time.

Non-coordinated Coordinated
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0.8 1 0.8 1
Hamas Hamas
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Figure 4: Hazards and threats over time for the Israel-Hamas
war dataset. The plots show mean hazard confidences each
day as well as the overall mean proportion of posts with at
least one word from the Threat Dictionary (Choi et al. 2022)
+ Synonyms baseline for (a) authentic accounts and (b) in-
authentic coordinated accounts. Vertical lines correspond to
the Hamas attack on October 7th, 2023, and the Israel De-
fense Forces (IDF) entering Gaza on October 27th.

We plot hazard confidence in posts over time in Fig. 4 for
the Israel-Hamas war dataset. Just after the October 7th at-
tack, there is a sudden increase in mean hazard confidence
among authentic accounts as they discuss the attack on Is-
raeli civilians. There is no obvious increase in hazard dis-
cussions among coordinated accounts, although there is a
decrease in threat words. However, there is a spike in the
number of posts by coordinated accounts, shown in Ap-
pendix Fig. S1. We also see only a minor change in the
proportion of posts that contain threat words (Choi et al.
2022) after the October 7th attack. Our hazard model can
therefore constitute a distinct and potentially more accurate



indicator of major hazard events compared to the previous
state-of-the-art methods. In a separate analysis, coordinated
account posts appear to show elation (promotion of Hamas,
Appendix Fig. S5, and positive emotions, Appendix Figs. S6
& S7), thus the absence of a significant change in the fre-
quency of hazards just after October 7th occurs despite the
accounts mentioning the attacks, rather than because the ac-
counts ignore the event.

Appendix Figs. S9 & S10, meanwhile, shows hazards
over time for both coordinated and authentic accounts in the
2022 French election dataset. We see notable dips during the
election rounds, possibly because the vast majority of posts
are positive, with posts related to “vote”. We show in Ap-
pendix Fig. S8 that, with the exception of mid-May, we also
see a sharp drop in coordinated account posts just after each
election round. This could reflect the lower potential payoffs
of information operations at these time points.

Discussion

Information concerning hazards is particularly potent, as it
will frequently both garner more attention, and be more
likely to be believed, than other types of information. We
can therefore expect that information concerning hazards
will be especially impactful in social media arenas — and,
correspondingly, that this type of information will be de-
ployed as part of calculated, coordinated social media opera-
tions intended to influence public opinion and achieve strate-
gic objectives. Although existing approaches are effective
at identifying related phenomena, such as negative affective
content or terms associated with threat, none suffice for the
task of pinpointing hazard information. Addressing this gap,
we have developed a transformer-based model to detect haz-
ard information in social media posts. Our model outpaces
simple word-based proxies, such as the Threat Dictionary
(Choi et al. 2022), and matches sophisticated LLM-based
approaches with far higher throughput.

To demonstrate the model’s utility, we applied it to large
samples of X posts regarding, respectively, the 2023 Israel-
Hamas war and the 2022 French election, both of which con-
stitute critical recent geopolitical events, and each of which
is distinct in the languages used, thus illustrating strengths
of our model’s ability to analyze multilingual social media
data. Partitioning the data by accounts that are coordinated
(and thus are likely part of information operations) and not
coordinated (and thus are likely authentic accounts), we uti-
lize our model to illuminate how hazard information is de-
ployed in an information warfare environment.

In the Isracl-Hamas war dataset, we find that coordinated
accounts focus on hazards facing Gazans over hazards fac-
ing Israelis, even after an attack on October 7 that killed al-
most 1,200 Israelis (Blinken 2024). In the 2022 French elec-
tion dataset, we find that a substantial proportion of posts
are pro-Ukraine and anti-Russian, including posts in both
English and French that condemn the Bucha massacre and
the Russian invasion.

Overall, our analysis reveals that coordinated accounts on
X often support a weaker group in a conflict, whether Hamas
(opposing Israel) or Ukraine (opposing Russia). Moreover,
these accounts often mention hazards impacting civilians,
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possibly in an attempt to evoke sympathy and enlist foreign
support for their cause.

Limitations

Although we are confident that identifying hazards in text
has myriad critical applications, we caution that our model’s
performance could still be improved. Both the subjectivity of
text annotations (Davani, Diaz, and Prabhakaran 2022) and
a relatively small number of annotations reduce the accu-
racy of many text indicator models (Chochlakis et al. 2023;
Brady et al. 2021), a problem likely also present in hazard
detection. Finally, while we implemented several safeguards
to maximize the validity of our crowdsourced annotations,
we cannot guarantee that the annotations were from organic
users. Furthermore, while the coordinated accounts are sus-
picious, and their behavior is suggestive of an information
operation, we cannot guarantee the true intention of coordi-
nated users nor whether they are inauthentic users. There is
an inevitable gray area between users who happen to post
geopolitical content, even simultaneously, and users who try
to influence geopolitical events.

These limitations indicate the need to iteratively improve
upon our hazard detection model. These improvements can
include more multilingual human-annotated data, possibly
augmented with annotations by LLMs, to increase the gen-
eralizability of a model. We can also develop a multi-modal
(text, images, and video) model to detect hazard informa-
tion, to capture hazards in, for example, visual memes or to
illuminate how traditional television media portray hazards,
or use hazard information for their own editorial goals. Fi-
nally, we need to find ways to better distinguish information
operations of, e.g., state actors, from other types of users
so that we can better understand the intentions of these ac-
tors, especially in how they utilize hazards in text. Analy-
sis of these data can include analyzing text clusters akin to
BERTopic (Grootendorst 2022). This could uncover patterns
in coordination beyond supervised labels.

Conclusion

Humans have a tendency to respond to, and share, informa-
tion about hazardous events. In this work, we develop Al
tools with which it is possible to observe the implications or
manifestations of these tendencies at scale in online social
media. Our findings are as follows. (1) We develop an openly
shared tool to accurately detect information concerning haz-
ards at scale. (2) We use this tool to reveal how this informa-
tion associates with, but goes beyond, negative emotions and
sentiments, as well as threat words. (3) We apply this tool to
X posts about two geopolitical events, finding that informa-
tion operations supporting weaker parties in conflicts often
mention harms directed at civilians, potentially in an attempt
to evoke sympathy and attract support for their cause.
While these findings demonstrate the utility of detect-
ing information concerning hazards, we view our work as
merely the first step, as we envision myriad applications of
our model and subsequent improvements thereon, both in
CS research, and in a wide variety of related fields. Given
that rapidly diffusing and highly motivating hazard informa-



tion has the potential to enhance large-scale commitment to
collective goals, it is vital that investigators shed light on
the ways that such information is deployed in online con-
texts, as the same features of human psychology that present
an opportunity for promoting broad cooperation toward the
common good also constitute a vulnerability that can be ex-
ploited by those seeking to manipulate audiences for their
Oown purposes.

Ethical Statement

This work was approved by an IRB. To improve account
privacy, we removed all personally identifiable information
from the data, such as post IDs and account IDs, prior to our
analysis. Although the hazard model performs well at scale,
it is still possible for the model to make mistakes. There-
fore, care must be taken when interpreting the model output,
including when applying it to detect whether individual ac-
counts are sharing information concerning hazards. The con-
fidence of the model does not guarantee that individual ac-
counts or posts are sharing hazard content, especially given
that sarcasm and in-group language constitute a challenge
for current AI models. However, much like a sentiment- or
emotion-detection model, so long as researchers are aware
of these limitations, the harm to society is minimal; there-
fore, we share this model widely via the link presented at
the top of the paper. We believe that the utility to society of
the hazard detection model far outweighs any harmful soci-
etal impact.
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Figure S1: Post frequency over time for the Isracl-Hamas
dataset. Authentic and inauthentic coordinated accounts
based on (a) hashtags (main text), and (b) merged similar-
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@XX Saudi Arabia’s NEW official map scraps Israel
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2022 French Election
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talks about a Republican front against the left. No hesi-
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gles.
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2022 French Election
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#1May2022 are the sbores of #Macron such as Roland
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movements of struggle against the macroistic oligarchy.
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Dataset
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Hazard model
confidence

2023 Israel-Hamas War

RT @XX We’ll be streaming here on Monday from
1pm ET, don’t miss it
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2023 Israel-Hamas War

@XX Israeli airstrikes flattened mosques over the heads
of worshipers. At least 2 hospitals and 2 centers run by
Palestine Red Crescent Society, have been hit. So have
two schools run by the U.N. agency Israel fighter jet-
s/artillery have struck targets in Gaza frequently over
years

0.92

2022 French Election

[translated from French] Is there any hope that you will
have 500 referrals by Monday?

0.03

2022 French Election

@XX Putin is a murderer more dangerous than Osama
bin Laden. Threats the world with a nuclear bomb. He,
like no one else, can just press the red button. Gotta get
him dead or alive. His immediate surroundings have the
most opportunities for this. Otherwise he’ll kill us.
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Table S1: Hazard ground truth labels and model prediction examples.

Cluster size Most common hashtags ¢ Most common hashtags Cluster size
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Figure S4: Embeddings text from clusters shown in in Fig. 3. (a) The 2023 Israel-Hamas war dataset, and (b) the 2022 French
election dataset. Plots are colored by the cluster size, while the most popular hashtags’ fonts are colored based on the cluster
color. We subsample 5000 posts from each set of coordinated accounts found from the hashtag-based coordination networks,
then embed the text using distiluse-base-multilingual-cased-v2 (the same text embedding model used when
detecting hazards). These embeddings are then compressed to two dimensions using UMAP (MclInnes, Healy, and Melville
2018). For clarity, we only show the posts associated with the posts shown in Fig. 3 (121 and 147 for the respective subfigures).
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Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 mask 257.513 friday 0.008
2 residential 218.82 historical 0.01
3 babies 206.96 bible 0.01
4 children 205.286 jesus 0.012
5 buildings 170.045 davido 0.013
6 [translated 169.452 roman 0.015
from  Arabic]
children
7 taxes 155.664 episode 0.016
8 [translated 149.883 labor 0.017
from  Arabic]
hospital
9 [translated 132.76 messi 0.019
from  Arabic]
hospital
10 woodward 132.092 rally 0.019

Table S2: Words associated with high and low-hazard posts in the full Isracl-Hamas war dataset. Words have a minimum
frequency of 10~° in each set of posts.

Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 children 287.486 parodique 0.011
2 war 272.263 18h 0.015
3 ukrainian 180.407 film 0.018
4 policiers 176.809 20h 0.021
5 sanitaire 172.954 netflix 0.023
6 régime 169.956 youtube 0.025
7 weapons 169.202 épisode 0.025
8 dictature 166.016 impatience 0.025
9 dangereux 146.117 émission 0.027
10 nuclear 140.831 rendez-vous 0.027

Table S3: Words associated with high and low-hazard posts in the full 2022 French Election dataset. Words have a minimum
frequency of 10~° in each set of posts.

Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio

1 openrafahcrossing 248.099 london 0.004
2 christanhospitalingd$s.98 mia 0.005
3 communications | 95.3 khalifa 0.005
4 warplanes 88.379 . 0.011
5 knew 83.055 border 0.015
6 green 81.99 received 0.016
7 starlink 80.925 friend 0.018
8 aircraft 71.342 manipulate 0.018
9 building 68.147 [translated 0.019

from  Arabic]

Israel
10 thats§ 67.881 show 0.021

Table S4: Words associated with high and low-hazard posts among coordinated accounts in the Israel-Hamas war dataset based
on hashtag coordination networks. Words have a minimum frequency of 10~° in each set of posts.
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Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 S 18.137 history 0.036
2 civilians 17.23 know 0.082
3 hospital 16.626 silent 0.082
4 bombed 15.87 remain 0.091
5 hospitals 14.51 feel 0.091
6 airstrikes 13.603 through 0.113
7 must 12.696 between 0.113
8 press 12.696 west 0.13
9 year 12.696 said 0.13
10 killing 11.789 happening 0.13

Table S5: Words associated with high and low-hazard posts among coordinated accounts in the Israel-Hamas war dataset based
on merged coordination networks (Luceri et al. 2024). Words have a minimum frequency of 10~° in each set of posts.

Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 mask 220.641 friday 0.008
2 residential 207.869 bible 0.01
3 babies 206.401 jesus 0.012
4 buildings 196.066 historical 0.012
5 children 188.24 roman 0.015
6 [translated 161.627 messi 0.015
from  Arabic]
children
7 taxes 146.653 davido 0.016
8 [translated 133.148 episode 0.016
from  Arabic]
hospital
9 woodward 127.276 labour 0.017
10 gazahospitalbombid26.395 recognized 0.019

Table S6: Words associated with high and low-hazard posts among authentic accounts in the Israel-Hamas war dataset based
on hashtag coordination networks. Words have a minimum frequency of 10~ in each set of posts.

Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 mask 257.447 friday 0.008
2 residential 218.541 historical 0.01
3 babies 206.61 bible 0.01
4 children 205.17 jesus 0.012
5 buildings 169.853 davido 0.013
6 [translated 169.408 roman 0.015
from  Arabic]
children
7 taxes 155.624 episode 0.016
8 [translated 149.844 labor 0.017
from  Arabic]
hospital
9 [translated 132.725 rally 0.019
from  Arabic]
hospital
10 woodward 132.058 christ 0.019

Table S7: Words associated with high and low-hazard posts among authentic accounts in the Israel-Hamas war dataset based
on merged coordination networks (Luceri et al. 2024). Words have a minimum frequency of 10~ in each set of posts.
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Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 to 84.905 rendez-vous 0.006
2 are 63.521 jevotezemmour | 0.008
3 & 54.087 meeting 0.008
4 guerre 48.742 demain 0.008
5 of 40.88 mars 0.017
6 russie 35.849 direct 0.021
7 enfants 30.817 hashtag 0.021
8 sky 27.673 pouvez 0.022
9 ukraine 25.0 soir 0.023
10 we 24.528 [Fist emoji] 0.023

Table S8: Words associated with high and low-hazard posts among coordinated accounts in the 2022 French Election dataset
based on hashtag coordination networks. Words have a minimum frequency of 10~° in each set of posts.

Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 our 42.859 future 0.028
2 children 29.355 your 0.031
3 on 19.375 where 0.045
4 killed 17.026 than 0.046
5 missiles 15.265 rt 0.059
6 these 14.678 next 0.084
7 poutine 12.916 can 0.087
8 want 9.981 do 0.09
9 russian 8.807 what 0.098
10 defense 8.807 nous 0.098

Table S9: Words associated with high and low-hazard posts among coordinated accounts in the 2022 French Election dataset
based on merged coordination networks (Luceri et al. 2024). Words have a minimum frequency of 10~ in each set of posts.

Highest haz- | Highest haz- | Lowest hazard | Lowest hazard

ard word ard ratio word ratio
1 war 270.952 parodique 0.011
2 ukrainian 178.578 18h 0.016
3 policiers 175.836 film 0.016
4 sanitaire 172.366 20h 0.021
5 régime 169.666 netflix 0.023
6 weapons 166.993 hashtag 0.024
7 dictature 165.425 youtube 0.025
8 dangereux 146.016 épisode 0.025
9 sky 139.435 impatience 0.026
1 nuclear 136.076 émission 0.027

Table S10: Words associated with high and low-hazard posts among authentic accounts in the 2022 French Election dataset
based on hashtag coordination networks. Words have a minimum frequency of 10~ in each set of posts.
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Rank | Highest haz- | Highest haz- | Lowest hazard | Lowest hazard
ard word ard ratio word ratio
1 children 270.12 parodique 0.011
2 war 266.496 18h 0.015
3 policiers 177.052 film 0.018
4 sanitaire 173.024 20h 0.021
5 régime 170.368 netflix 0.023
6 ukrainian 168.139 youtube 0.025
7 dictature 166.34 épisode 0.025
8 weapons 162.792 impatience 0.025
9 dangereux 146.397 émission 0.027
10 criminel 128.89 rendez-vous 0.027

Table S11: Words associated with high and low-hazard posts among authentic accounts in the 2022 French Election dataset
based on merged coordination networks (Luceri et al. 2024). Words have a minimum frequency of 10~ in each set of posts.
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Figure S5: Percent of posts mentioning Hamas over time for
(a) authentic, and (b) inauthentic coordinated accounts. Ver-
tical lines correspond to the Hamas attack on October 7th,
2023, and the Israel Defense Force (IDF) entering Gaza on
October 27th.
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Figure S6: Mean joy emotion confidence over time for au-
thentic and inauthentic coordinated accounts using Demux
(Chochlakis et al. 2023). (a) Hashtag-based coordination
network and (b) merged coordination network (Luceri et al.
2024). Vertical lines correspond to the Hamas attack on Oc-
tober 7th, 2023, and the Israel Defense Force (IDF) entering
Gaza on October 27th.
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Figure S7: Mean optimism emotion confidence over time
for authentic and inauthentic coordinated accounts using De-
mux (Chochlakis et al. 2023). (a) Hashtag-based coordina-
tion network and (b) merged coordination network (Luceri
et al. 2024). Vertical lines correspond to the Hamas attack
on October 7th, 2023, and the Israel Defense Force (IDF)
entering Gaza on October 27th.
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Figure S8: Post frequency over time for the 2022 French
Election among authentic and inauthentic coordinated ac-
counts. (a) Hashtag-based coordination network and (b)
merged coordination network (Luceri et al. 2024).
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Figure S9: Hazards and threats over time for the 2022 French
Election dataset. The plots show mean hazard confidences
each day as well as the overall mean proportion of posts
with at least one word from the Threat Dictionary (Choi et al.
2022) + Synonyms for authentic and inauthentic coordinated
accounts. (a) Authentic account posts and (b) hashtag coor-
dination network posts. Vertical lines correspond to Round
1 voting (April 10, 2022) and the Round 2 runoff (April 24,
2022).
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Figure S10: Hazards and threats over time for the 2022
French Election dataset. The plots show mean hazard con-
fidences each day as well as the overall mean proportion
of posts with at least one word from the Threat Dictionary
(Choi et al. 2022) + Synonyms for (a) authentic accounts and
(b) inauthentic coordinated accounts, where coordination is
uncovered from merged coordination accounts (Luceri et al.
2024). Vertical lines correspond to Round 1 voting (April

10, 2022) and the Round 2 runoff (April 24, 2022).
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