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Abstract

With the rapid expansion of content on social
media platforms, analyzing and comprehending
online discourse has become increasingly com-
plex. This paper introduces LLMTaxo, a novel
framework leveraging large language models
for the automated construction of taxonomies
of factual claims from social media by generat-
ing topics at multiple levels of granularity. The
resulting hierarchical structure significantly re-
duces redundancy and improves information
accessibility. We also propose dedicated tax-
onomy evaluation metrics to enable compre-
hensive assessment. Evaluations conducted on
three diverse datasets demonstrate LLMTaxo’s
effectiveness in producing clear, coherent, and
comprehensive taxonomies. Among the evalu-
ated models, GPT-40 mini consistently outper-
forms others across most metrics. The frame-
work’s flexibility and low reliance on manual
intervention underscore its potential for broad
applicability.

1 Introduction

Misinformation, also known as false or misleading
information (Wu et al., 2019), has the potential to
sway public perception, cause confusion, and influ-
ence people’s decision-making processes (Del Vi-
cario et al., 2016; Muhammed T and Mathew,
2022). Social media platforms, in particular, facil-
itate the rapid sharing of vast amounts of content,
blending accurate information with falsehoods (All-
cott et al., 2019). Social media’s global reach and
ease of use have transformed how millions of users
exchange opinions, news, and factual claims in
real-time, making it fertile ground for misinforma-
tion (Aimeur et al., 2023). Factual claims, which
are assertions that can be verified as either true or
false, are a common vehicle for misinformation (Ni
et al., 2024). These claims, whether accurate or
not, have a profound societal impact, as the public
tends to believe a factual claim is true regardless of

its truthfulness (Moravec et al., 2018; Ognyanova
et al., 2020; Xiao et al., 2021; Zhu et al., 2022;
Zhang et al., 2024a; Zhu et al., 2025).

The dynamic nature of social media often leads
to repetitive or reformulated claims, complicating
the identification and validation of factual con-
tent (Zhou et al., 2015), making it difficult for
non-technical individuals and researchers from
different fields to navigate the vast amounts of
data (Suarez-Lledo and Alvarez-Galvez, 2021;
Hook and Verdeja, 2022; Muhammed T and
Mathew, 2022). This challenge calls for scalable
and automated tools to systematically organize and
analyze factual claims, helping stakeholders—such
as researchers and fact-checkers—more effectively
navigate the complex information landscape.

One promising approach to addressing this chal-
lenge is the use of taxonomies, which provide struc-
tured systems for organizing complex information.
Taxonomy has been applied in misinformation cate-
gorization. For example, Tambini (2017) classified
fake news into distinct categories to capture the di-
verse forms and manifestations of the phenomenon.
Kumar and Shah (2018) constructed taxonomies of
false information on social media based on various
characteristics, such as whether the content is in-
tended to deceive and whether it is opinion-based
or fact-based. Zhao and Tsang (2022) proposed a
taxonomy of misinformation on social media based
on falsity level and evidence type. Yet, these ap-
proaches do not construct topic taxonomies, which
are particularly valuable for exploring and organiz-
ing factual claims. In practice, many fact-checking
websites, such as PolitiFact,’ Snopes,2 and Full
Fact,? use topics to organize fact checks. For ex-
ample, the claim “Right to Try experimental drug
program saved thousands and thousands of lives”
in PolitiFact is given topics such as “Elections” and

1ht’cps: //www.politifact.com/
2ht’cps: //www. snopes.com/
3https: //fullfact.org/
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“Health Care.” However, these topics are too broad
to help users efficiently locate specific claims.

Motivated by the challenges, prior studies, and
practical applications discussed above, this paper
introduces LLMTaxo, a novel framework utilizing
large language models (LLMs) for automatically
constructing a topic taxonomy given a collection
of factual claims from social media within a spe-
cific topic domain. The taxonomy starts with broad
categories and branches into increasingly specific
subcategories. In this way, factual claims can be
categorized into hierarchical categories, allowing
for the efficient exploration of information at mul-
tiple levels of granularity. For example, broad cate-
gories can group COVID-19 vaccine-related claims
into overarching topics such as “Public Health,”
while more detailed categories can address specific
claims about “Vaccine Safety and Effectiveness.”

Our framework, LLMTaxo, organizes factual
claims into a coherent hierarchical taxonomy by
clustering semantically similar claims, identify-
ing distinct ones, and generating topics at mul-
tiple levels of granularity—broad, medium, and
detailed. Leveraging the rich background knowl-
edge of LLMs and few-shot learning, LLMTaxo min-
imizes human involvement and automates the cat-
egorization process. It effectively addresses chal-
lenges such as semantic variability (the expression
of similar ideas in diverse ways) and ensures scal-
ability and adaptability to social media discourse
across various datasets and topic domains.

To demonstrate the generalizability of LLMTaxo,
we conducted evaluations using carefully designed
metrics across three distinct datasets spanning dif-
ferent topic domains and data sources. These in-
clude social media posts from X (formerly Twitter)
and Facebook, covering domains such as COVID-
19 vaccines, climate change, and cybersecurity.
The evaluation results, showing all models scor-
ing above 3.0 out of 5 across all metrics, with a
highest score of 4.9, demonstrate the effectiveness
of LLMTaxo in generating clear and comprehensive
taxonomies. By identifying distinct factual claims,
the framework substantially reduces redundancy.
The hierarchical structure of the taxonomy pro-
duced by LLMTaxo allows users to explore claims
at multiple levels of detail. Moreover, LLMTaxo
exhibits consistently strong performance across di-
verse datasets, demonstrating its adaptability and
potential for wide-ranging applications.

In summary, this paper makes several key contri-
butions:

* We introduce the first multi-level taxonomy
of factual claims from social media constructed
using LLMs. This taxonomy can be integrated
into fact-checking workflows and applied across
various research domains.

* We are the first to utilize LLMs for generating
multi-granularity topics.

* We develop a set of evaluation metrics for com-
prehensively assessing the structural quality of tax-
onomies and their claim-topic alignment.

* We evaluate our taxonomies across three di-
verse datasets. The results demonstrate LLMTaxo’s
adaptability to different domains while maintaining
accuracy in constructing meaningful taxonomies.

* We release a curated dataset and a public code-
base at https://github.com/idirlab/LLMTaxo.
They are valuable for supporting both future re-
search and reproducibility.

2 Related Work

Taxonomy Construction. Although taxonomy
construction has been extensively studied, the def-
initions of specific problems vary. Generally, tax-
onomies are hierarchically structured classifica-
tions of concepts, terms, and entities that help users
organize, retrieve, and navigate information (Car-
rion et al., 2019; Yang, 2012). Generic taxonomy
construction tasks typically involve short concept
terms or entity names, which are often structured
as hypernym-hyponym pairs (Zhang et al., 2018;
Huang et al., 2020).

Constructing taxonomies from broader, less for-
matted content, such as social media posts, differs
from traditional taxonomy construction. The inher-
ent variability of such content makes it challenging
to establish a precise taxonomy. Several studies
have attempted to address this problem. Durham
et al. (2023) explored automatic taxonomy genera-
tion from disaster-related tweets using topic mod-
eling techniques (Blei et al., 2003; Dumais, 2004).
Najem and Hadi (2021) proposed semi-automatic
ontology construction of tweets based on seman-
tic feature extraction using WordNet and Babel-
Net (Miller, 1995; Navigli and Ponzetto, 2010).

The rise of LLMs has significantly advanced
many natural language processing tasks, but lim-
ited effort has been devoted to taxonomy construc-
tion. Chen et al. (2020) employed pretrained lan-
guage models to construct taxonomic trees, while
Chen et al. (2023) compared prompting and fine-
tuning approaches for hypernym taxonomy con-
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struction. Additionally, Shah et al. (2023) and Wan
et al. (2024) introduced end-to-end pipelines that
integrate LLMs to generate, refine, and apply la-
bels for user intent analysis in log data. Our work
extends this line of research by applying LLMs to
generate multi-level taxonomies for factual claims
and social media posts. Like prior efforts, we har-
ness LLMs’ generative and semantic capabilities,
but we focus on taxonomy construction in open-
domain, noisy, and high-variance contexts where
entity boundaries and hierarchical relationships are
less clear.

Topic Generation. LLMs have emerged as a
promising alternative to traditional topic generation
approaches. They can generate topics from a given
set of documents without requiring predefined la-
bels or training data (Sarkar et al., 2023). This ca-
pability allows for more flexible and context-aware
topic extraction. For instance, Mu et al. (2024)
introduced a framework that prompts LLMs to gen-
erate topics and adhere to human guidelines for
refining and merging topics. Recent research has
also explored different LLLM-based topic model-
ing techniques. For example, BERTopic (Grooten-
dorst, 2022) has shown superior performance in
terms of diversity and coherence across multiple
datasets (Jung et al., 2024). Yet, to the best of our
knowledge, no existing work has generated topics
at multiple levels of granularity.

3 Methodology

Analyzing social media data presents numerous
challenges, including the overwhelming volume
of content with high repetition and the substantial
human effort required to explore the data. Our
LLMTaxo framework is designed to systematize on-
line content through automated construction of a
taxonomy of factual claims. This taxonomy serves
as a hierarchical classification system. It enhances
the accessibility and navigability of information for
users by categorizing claims into broad, medium,
and detailed topics.

LLMTaxo initially identifies factual claims from
social media posts, and subsequently clusters sim-
ilar claims to discern and select distinct ones,
thereby reducing redundancy. It then leverages
LLMs to generate topics for each distinct claim at
multiple levels of granularity, ultimately construct-
ing a structured taxonomy. The overview of our
framework is shown in Figure 1.

3.1 Taxonomy Construction

Our primary goal is to construct a hierarchical tax-
onomy. The hierarchical design is informed by the
prototype theory (Geeraerts, 2006), which guides
cognitive categorization, i.e., the three-level hier-
archy of the taxonomy. Formally, a hierarchical
taxonomy 7 = (Tp, Trn, T4, fm, f4) contains top-
ics at multiple levels of granularity, ranging from
broader to more fine-grained topics. Specifically,
the taxonomy uses a three-tiered structure, con-
sisting of broad topics 1} (representing general
themes), medium topics 7, (reflecting intermedi-
ate distinctions), and detailed topic Ty (highlight-
ing finer aspects). The functions f,, and f; de-
fine the hierarchical relationships between topics,
where f, : T,,—T, maps each medium topic to its
corresponding broad topic, and f; : T3—T,,, maps
each detailed topic to its respective medium topic.

Note that the same topic label may appear un-
der different parent topics, but these instances rep-
resent conceptually distinct topics. For example,
the medium topic “Vaccine Safety” under broad
topic “Public Opinion” is essentially “Public Opin-
ion about Vaccine Safety,” which is meaningfully
different from “Vaccine Safety” under “Govern-
ment Policies.” To minimize redundancy while
preserving clarity, we use concise topic labels for
medium and detailed topics, as their inherent mean-
ings are informed by their parent topics.

Given a collection of factual claims C =
{c1,¢2,...,cn}, each claim ¢ € C is assigned a
tuple of topics at three levels—broad, medium, and
detailed—with a mapping function ¢. More for-
mally, ¢(c) = (tp, tm, tq) Where ty, € Ty, tpy, € Ty,
and t4 € T,;. Note that the detailed topic is optional
because some claims may be too brief or ambigu-
ous to be categorized distinctly at all three levels.

For example, the right side of Figure 1 illustrates
the topic tuple for a claim related to COVID-19
vaccine: “Myocarditis is up TEN times due to the
Covid Vaccine...” The broad topic t; is “Vaccine
Safety and Effectiveness,” the medium topic t,, is
“Vaccine Side Effects,” and the detailed topic 4 is
“Myocarditis Side Effect.”

To automate the process of taxonomy construc-
tion given a collection of factual claims C, we cre-
ate learning examples that contain both sample
claims and their corresponding topics. The topics
from the learning examples form a seed taxonomy,
which serves as a foundation for LLM-based expan-
sion. To generate topics for each distinct factual
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Figure 1: The LLMTaxo framework.

claim in C, we prompt the LLMs with both the
learning examples and the seed taxonomy. After
generating topics for all claims, we consolidate
them to construct a refined taxonomy. This process
is illustrated in Figure 1.

3.1.1 Learning Examples and Seed Taxonomy

While LLMs possess broad general knowledge,
they are not pretrained to directly generate
hierarchical topics for factual claims at different
granularities. Our initial experiments showed that
LLMs often generate inconsistent topics for similar
claims, resulting in an excessive and unwieldy
number of topics that hinder comprehension,
as further detailed in Section 4.4. To mitigate
this issue, we propose to expand and refine a
seed taxonomy & derived from a set of sample
factual claims. This initial taxonomy aids the
LLMs by providing a foundation to expand
upon. We leverage an LLM with human-in-the-
loop supervision to create k learning examples

£={{er, (1,69, 1580)), o e, (12,6500 603,
representing claims with their respective topics at
each level of granularity. The 3-level topic tuples
from the k claims form the seed taxonomy, denoted
as S={(t\V, %) ¢y, (P 4B 1)) These
learning examples and the seed taxonomy facilitate
few-shot in-context learning, helping to stabilize
the variation and number of topics generated. The
size k of learning examples varies across datasets.

To compile the learning examples and the seed
taxonomy, we randomly select a subset RCC con-
taining m distinct claims for annotation. Recogniz-
ing that direct human annotation is labor-intensive
and the annotation requires high accuracy and con-

sistency, we employ GPT-3.5 (Brown et al., 2020)
to assist human in topic annotation for these claims.

Each claim ¢ € R is processed by an LLM
prompted to generate topics at three levels of gran-
ularity. Below is an example of the prompt used
for the COVID-19 vaccine topic domain.

You will be given a tweet related to
COVID-19 vaccine. Please generate topics for
the tweet from different granularities such as
broad topic, medium topic, and detailed topic.
Each generated topic should be no more than

eight words and you should try to minimize the
number of topics generated.

Examples:

LLMTaxo adopts a multi-round human-in-the-
loop annotation process. In each round, the LLM
generates topics for a batch of 10 claims. These
topics are then evaluated and refined by annotators,
resulting in a finalized annotation of each claim
¢ with topic tuple (t,ty,tq), forming a claim-
topic pair (c, (tp, tm,tq)). The LLM may produce
diverse topic labels in the initial run. To ensure
consistency and minimize topic variation, we re-
strict the number of distinct topics and standardize
topic labels across similar claims during the refine-
ment process. For example, if the LLLM generates
“COVID-19 Vaccine Mandates” for claim A and
“Vaccine Mandates” for claim B, the annotators are
expected to retain a single, generalized topic (e.g.,
“Vaccine Mandates™) for both claims.

The refined claim-topic pairs are subsequently
used as in-context examples to guide the LLM in
the next round. This process is iterated until topics
are generated for all ¢ € 'R. The human-in-the-
loop process reduces manual effort and allows for
tailored annotations based on specific requirements,
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which is adaptable across various topic domains.

Upon annotating all m claims, the annotators re-
view the most frequent broad topics and manually
pick k representative claim-topic pairs as the learn-
ing examples £. The topics from these k£ examples
form the seed taxonomy S. The seed taxonomy
and the learning examples guide the LLMs to gen-
eralize the task of topic generation across a diverse
range of claims while ensuring consistent and struc-
tured outputs.

3.1.2 Multi-level Topic Generation

To automate the taxonomy construction process
and minimize the human effort, we employed
LLMs to generate topics (tp, tm, tq) for each fac-
tual claim ¢ € C. The learning examples L
and the seed taxonomy S are utilized as part of
the prompt for the LLM. Specifically, the prompt
consists of [; € L fori = 1,2,...,k (where
l; = {ci, (tl(f),t%),t((;)» is the claim-topic pair of
the i-th learning example), the seed taxonomy S,
the instruction and questions that ask the LLM to
produce the topic tuple for the claim c. Due to
the limited context length of LLMs, each prompt
generates the topic tuple ¢(c) = (tp, tym, tq) for
only one c. This generation process is iterated until
finishing generating topic tuples for all ¢ € C. The
prompt is detailed in Figure 2 in Appendix A.

3.1.3 Topic Consolidation

After the LLM generates the topic tuples for all
claims, LLMTaxo consolidates the results to build
the taxonomy. Given that (¢, t,,, t4) are generated
as the topic tuple for a claim, t, t,,, and ¢4 inher-
ently form parent-child relationships. Medium top-
ics that align with the same broad topic are treated
as child nodes of that broad topic, and detailed top-
ics are similarly considered child nodes of their re-
spective medium topics. Formally, from the gener-
ated topic tuples, LLMTaxo derives the two mapping
functions f,: T;n—Tp and fq: Ty—T,,. frm maps
each medium topic to a broad topic: fp, (tm) = tp
if 3 ceC such that ¢(c)=(ty,tmm,—). Similarly,
fq maps each detailed topic to a medium topic:
fa (td) = t,, if 3 c€C such that ¢(C)=(_, tm, td>.

For instance, consider two claims ¢ and ¢y with
the generated topic tuples ¢(c1) = (Vaccine Safety
and Effectiveness, Vaccine Side Effects, tg)) and
¢(c2) = (“Vaccine Safety and Effectiveness,” “Vac-
cine Injury,” tgf)). The derived mapping function
fm willinclude f,,,(“Vaccine Side Effects”) = “Vac-
cine Safety and Effectiveness” and f,,,(‘“Vaccine In-

jury”) = “Vaccine Safety and Effectiveness.” This
establishes that “Vaccine Side Effects” and “Vac-
cine Injury” are child nodes of “Vaccine Safety and
Effectiveness.”

3.2 Claim Detection

Social media contains a wide range of content, in-
cluding personal opinions, personal experiences,
and entertainment. Prior to taxonomy construc-
tion, we apply claim detection to identify social
media posts that are more likely to contain factual
claims, which could potentially carry misinforma-
tion. We employ the ClaimBuster (Hassan et al.,
2017) model which assigns a score to each sen-
tence or paragraph, indicating the likelihood of it
being a check-worthy factual claim. A higher score
suggests a greater likelihood of check-worthiness.
We set a threshold of 0.5 as it effectively balances
precision and recall in identifying check-worthy
claims. Posts that score above this threshold are re-
tained for further steps of LLMTaxo. This approach
reduces the dataset to a more manageable subset
(see Section 4.1 for details). It also ensures that
the retained posts are more likely to contain check-
worthy factual information relevant to our taxon-
omy construction.

3.3 Identifying Distinct Claims

Many factual claims on social media are frequently
repeated or rephrased. For example, the posts
“BREAKING: Pentagon rescinds COVID-19 vac-
cine mandate” and “The Pentagon officially re-
scinds COVID-19 vaccine mandate” convey the
same claim but are phrased slightly differently. To
reduce redundancy and focus on unique claims, we
apply clustering to group identical or nearly identi-
cal factual claims. We use HDBSCAN (Campello
et al., 2013) due to its ability to handle noise and
detect outliers, which is particularly useful given
that many posts do not closely resemble others. To
capture the semantic meaning of claims, we em-
ploy Sentence-BERT (Reimers, 2019) to generate
dense vector representations. After clustering, we
identify distinct claims by selecting the first post
from each returned cluster list while excluding the
outlier cluster. A distinct claim is the representa-
tion of a cluster of similar factual claims, and the
identified distinct claims C are used for taxonomy
construction. The outliers represent infrequently
discussed content, whereas we only focus on con-
tent that appears multiple times. Repeated exposure
to information increases belief in its accuracy (Pen-
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nycook et al., 2018), underscoring the significance
of identifying widely circulated claims.

4 Experiments

4.1 Datasets

To evaluate our method, we conducted experiments
on three social media datasets, each covering a spe-
cific topic: COVID-19 Vaccine, Climate Change,
and Cybersecurity, denoted as CV, CC and CS, re-
spectively. These datasets were collected from two
social media platforms to ensure diversity in the
content and structural characteristics of the posts.

COVID-19 Vaccine (CV). We collected tweets
related to COVID-19 vaccines using Wild-
fire (Zhang et al., 2024b). For this dataset, we
targeted tweets containing various keyword varia-
tions related COVID-19 vaccines, such as “covid19
vaccination,” “covid-19 vaccine,” and “covid vax.’
The data collection period spanned from January
1, 2023 to April 25, 2023, resulting in a total of
384,676 tweets. After applying claim detection
described in Section 3.2, 232,368 tweets were re-
tained for distinct claim identification.

Climate Change (CC). For the climate change
dataset, we utilized CrowdTangle (CrowdTangle,
2024)—a now-discontinued tool—to collect Face-
book posts related to climate change. We retrieved
posts containing the keyword “climate change” be-
tween January 1, 2024, and May 7, 2024, yielding
a total of 229,913 posts. After applying claim de-
tection, we retained 89,412 posts.

Cybersecurity (CS). We collected Facebook
posts related to cybersecurity using CrowdTangle,
with the keyword “cybersecurity.” The collection
period also spans from January 1, 2024 to May 7,
2024. Initially, 107,905 posts were gathered, and
after claim detection, 38,530 posts were retained.

bl

4.2 TImplementation Details

For the HDBSCAN clustering model, we set the
minimum cluster size to 3 for the CV dataset. The
minimum cluster size for CC and CS datasets was
set to 2 because they have fewer posts, and we
hoped to avoid the majority of posts being classi-
fied as outliers. We also set a maximum cluster size
of 3,000 to prevent the formation of overly large
clusters. We noticed some clusters share identical
posts, the reason for which is that Sentence-BERT
may generate slightly different vector embeddings
for the same sentence (Reimers, 2019). To avoid
duplication, we only keep the same post once in

the distinct claims C. The final numbers of dis-
tinct claims for CV, CC, and CS datasets are 8,103,
14,408, and 5,731, respectively.

For taxonomy construction, we employed three
LLMs, Zephyr (Tunstall et al., 2023), GPT-40
mini (OpenAl, 2024), and Gemini 2.0 Flash (Deep-
Mind, 2025) for performance comparison. Zephyr
is selected for its competitive performance in lan-
guage understanding tasks among all 7-billion-
parameter LL.Ms (Chiang et al., 2024), while GPT-
40 mini and Gemini 2.0 Flash are chosen for their
balance of cost-efficiency and performance. For
each dataset, we randomly selected 100 distinct
factual claims and annotated them with broad,
medium, and detailed topics. From annotated fac-
tual claims, we then chose representative samples
based on their frequency of occurrence to serve as
learning examples for the LLMs. These annotated
claims were used to guide the LLMs in generating
topics for the distinct claims C identified through
clustering. All experiments were conducted on
three A100 GPUs.

4.3 Results

4.3.1 Clustering

The statistics of the clusters are shown in Table 1.
We used Silhouette Coefficient (Rousseeuw, 1987)
to evaluate the clusters’ quality. Since HDBSCAN
was employed, the outlier cluster was excluded
during the evaluation. The CV dataset achieved
the highest Silhouette score of 0.940, reflecting
highly cohesive and well-separated clusters. Al-
though the CC and CS datasets have lower scores
of 0.488 and 0.554, these still indicate reasonably
good cluster quality. The variation in Silhouette
scores across different datasets can be attributed
to differences in their characteristics, particularly
the higher sparsity and greater length of Facebook
posts, which make clustering more challenging.
These results suggest that the clustering method
performs reasonably well across diverse datasets,
even with different clustering configurations.

Datasets Posts Clusters  Outliers
cv 232,368 10,995 25,962
ccC 89,412 15,794 42,923
CcS 38,530 7,398 15,946

Table 1: Cluster statistics for different datasets.
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4.3.2 Multi-level Topic Generation

The statistics of the generated topics across datasets
are presented in Table 2—the rows labeled “w/”
under the method column. It is evident that Gem-
ini and GPT-40 mini outperformed Zephyr in con-
straining the number of broad and medium topics to
a narrower range. Gemini also demonstrated supe-
rior ability in limiting the number of detailed topics.
However, we observed that some generated topics
were associated with only a few factual claims. To
enhance the taxonomy’s readability, we consoli-
dated broad topics that appear fewer than 50 times
into a new broad category labeled “Other.” For
medium and detailed topics, we retained those with
occurrences exceeding 4 for medium topics and 3
for detailed topics, respectively. Topics with fewer
occurrences were grouped under “Other” topic
within their respective parent topics. After merg-
ing, the topic statistics of each dataset are shown
in Table 3. This approach limits the taxonomy to a
more manageable size.

Dataset Model Method Broa}d Medl}xm Detal!ed
Topic Topic Topic
Zenr wio 839 1585 6553
phy wi 125(85.1% 1) 899 (43.3% 1) 6060 (7.5% 1)
cv . wh 1028 2301 6399
GPTdomini 0 12 98.8% 1)  41(982% 1) 2073 (67.6% 1)
Gemini wio 309 1062 5828
i w/ 12(96.1% 1) 50(95.3% 1) 49 (99.2% |)
Jeon wio 1046 3831 12977
phyr w/ 124(88.1% 1) 1092 (71.5% |) 7414 (42.9% |)
cc . who 1668 4998 12638
GPT-4o mini ), 8(99.5% )  274(94.5% 1) 8722 (31.0% |)
Gemini wio 385 2306 12360
et wi 7982% 1) 42(982% 1) 573 (95.4% 1)
Jeonur wio 377 1684 5340
Py w/ o 126(66.6% 1) 656 (61.0% 1) 3376 (36.8% 1)
cs . who 688 2184 5335
GPT-4omini 12(983% |)  111(94.9% ]) 4887 (8.4% 1)
Gemini wio 25 1572 5206
wi 9(96.0% 1)  70(955% ) 760 (85.4% )

Table 2: Topic counts for different datasets with and
without prompting seed taxonomy.

Dataset Model Broad Medium  Detailed
Topic Topic Topic

Zephyr 11 66 114

cv GPT-40 mini 8 18 110
Gemini 9 27 12
Zephyr 8 146 163

cC GPT-40 mini 7 46 229
Gemini 7 22 30
Zephyr 10 48 32

CcS GPT-40 mini 9 25 61
Gemini 9 32 26

Table 3: Topic counts after merging less frequent topics.

4.4 Ablation Study

To evaluate the effectiveness of the presence of the
seed taxonomy in the prompt, we conducted exper-
iments with removing the seed taxonomy from the
prompt. Specifically, we only provide the LLMs
with instructions, learning examples, and the target
factual claims. The total topic counts with and with-
out seed taxonomy are shown in Table 2. We can
see that adding the seed taxonomy to the prompt
effectively restricts the taxonomy size, reducing
the number of broad topics by up to 99.5%.

5 Evaluation

We assessed LLMTaxo from two perspectives: 1) the
quality of the generated taxonomy, and 2) the rele-
vance of the generated topics to the factual claims.
We developed a set of evaluation metrics to assess
these two aspects. We engaged both human evalua-
tors and GPT-4 (Achiam et al., 2023) for the evalu-
ation. The effectiveness of using LLMs for model
performance evaluation has been validated by pre-
vious studies (Fu et al., 2024; Liu et al., 2023).
Identical instructions and metrics were provided
to both human and GPT-4 evaluators. They were
instructed to rate each criterion on a scale from 1
(strongly disagree) to 5 (strongly agree), where 5
indicates the best quality and 1 the worst.

To evaluate the quality of taxonomies, we pre-
sented taxonomies generated by Zephyr, GPT-40
mini, and Gemini across the three datasets to the
evaluators, resulting in a total of 9 taxonomies. For
the evaluation of the claim-topic suitability, we ran-
domly selected 102 factual claims along with their
corresponding lowest-level topics (i.e., leaf nodes
of the taxonomy) generated by the three models
from each dataset, resulting a total of 306 claim-
topic pairs for evaluation. We exclusively evaluated
the leaf node topics with claims, as the broader top-
ics had already been assessed in taxonomy quality
evaluation. Note that not every claim has three-
level topics, as mentioned in Section 3.1. There-
fore, we focused our evaluation on the leaf node
topics. To mitigate bias, we shuffled claim-topic
pairs from different models before presenting them
to the evaluators. Both human evaluators and GPT-
4 reviewed these pairs using our predefined metrics.
Human evaluators were required to provide ratio-
nales for the scores. The evaluation prompt for
GPT-4 is detailed in Appendix B.

19633



5.1 Taxonomy Evaluation

To design the taxonomy evaluation metrics, we
adopted the Goal Question Metric (GQM) ap-
proach (Caldiera and Rombach, 1994) and con-
sulted existing metrics from Kaplan et al. (2022).
Due to differences in our tasks, we retained only the
orthogonality and completeness metrics from Ka-
plan et al. (2022). We further refined these metrics
to better align with our objectives and introduced
additional metrics tailored to our evaluation needs.
Each metric is defined with a clear goal, a guid-
ing question, and specified evaluation criteria. An
overview of the metrics is provided below, with
comprehensive details available in Appendix C.

Clarity. The goal of this metric is to ensure that
each topic label communicates its content effec-
tively to avoid confusion. To assess whether the
topic labels are clear, precise, and unambiguous,
we evaluate precision, unambiguity, consistency,
and accessibility.

Hierarchical coherence. The goal is to ensure
that the taxonomy’s structure facilitates easy nav-
igation and understanding by clearly organizing
information from the most general to the most
specific. To assess whether the taxonomy follows
a clear and meaningful hierarchical structure, we
evaluate gradational specificity, parent-child coher-
ence, and consistency.

Orthogonality. The goal is to maintain clear
boundaries between topics, ensuring that each
one captures a unique aspect of the overall topic
domain. To assess whether the topics are well-
differentiated and free from redundancy, we evalu-
ate their distinctiveness and degree of overlap.

Completeness. The goal of this metric is to cover
as many areas of the topic domain as possible to
ensure the taxonomy is comprehensive. To assess
whether the taxonomy captures a broad and rep-
resentative set of topics across different facets of
the topic domain, we evaluate its domain coverage,
depth, as well as balance.

Three human evaluators and GPT-4 were pro-
vided with evaluation instructions and the back-
ground of the taxonomy construction. Each of
them rated the taxonomies based on the evaluation
criteria. For each metric, we calculated the aver-
age score of the evaluation criteria for each human
evaluator. We then computed the mean of these
averages across the three human annotators. The
evaluation scores are presented in Table 4.

The results affirm the overall efficacy of
LLMTaxo, with taxonomies generally receiving high
ratings (above 3.0 across all metrics). Notably,
GPT-40 mini consistently outperformed Zephyr
and Gemini, suggesting its greater suitability for
taxonomy construction. Human evaluators tended
to give higher scores than GPT-4, particularly for
taxonomies generated by Zephyr and Gemini, in-
dicating possibly stricter criteria or different inter-
pretations of taxonomy quality by GPT-4. It is also
reasonable to assume that GPT-4 shares greater
similarity with GPT-40 mini than with Zephyr or
Gemini.

The models generally scored well on clarity and
completeness, indicating their effectiveness in pro-
ducing clear, precise and comprehensive topic la-
bels. GPT-40 mini also scored higher in hierarchi-
cal coherence with the highest score of 4.7, suggest-
ing it does well in structuring information from gen-
eral to specific in a meaningful way. Orthogonality
has slightly lower scores compared to others, par-
ticularly for Zephyr and Gemini, which indicates
some overlap or less distinct boundaries between
topics. We observed Gemini was more strongly
influenced by the seed taxonomy and tended to gen-
erate topics closely aligned with it. This is reflected
in the limited number of unique topics produced
by Gemini, as shown in Table 3 and Table 2. Such
alignment negatively affected both orthogonality
and completeness. To assess the agreement level
among human evaluators, we computed the inter-
rater reliability using Gwet’s AC2 (Gwet, 2008)
with quadratic weights, which yielded a score of
0.80.

5.2 Claim-Topic Evaluation

To assess how well the factual claims are aligned
with the topics assigned to them from the LLM-
generated taxonomy, we performed evaluation on
two aspects: accuracy and granularity. As Sec-
tion 5.1 already evaluated the taxonomy itself,
which includes the relationships among broad,
medium, and detailed topics, we only evaluated
claims and their leaf node topics. The detailed
evaluation metrics are:

Accuracy. This criterion assesses how accurately
the leaf node topics reflect the content and context
of the corresponding factual claims. This involves
determining if the topics are relevant and if they
correctly represent the underlying information in
the claims without misinterpretation or error.
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Dataset Evaluator Model My M, Mz My Ac Gr

Zephyr 42 40 33 43 47 3.6

Human  GPT-4omini 4.3 42 38 47 44 46

v Gemini 44 39 35 39 44 46
Zephyr 35 37 30 37 40 46

GPT-4 GPT-4omini 43 43 40 47 40 44

Gemini 34 3.0 30 33 40 44

Zephyr 46 42 39 46 33 39

Human GPT-4omini 4.7 47 42 48 44 45

cc Gemini 43 39 33 47 44 46
Zephyr 35 33 40 40 34 34

GPT-4 GPT-4omini 43 4.0 45 43 38 45

Gemini 38 37 35 37 38 44

Zephyr 43 39 37 44 38 40

Human GPT-4omini 45 4.0 40 46 47 46

cs Gemini 46 36 35 39 48 46
Zephyr 33 3.0 30 33 37 40

GPT-4 GPT-4omini 43 47 35 47 40 49

Gemini 30 3.0 35 33 40 49

Table 4: Taxonomy and claim-topic pairs evaluation
scores for different models across datasets. In the ta-
ble, M, My, M3, My, Ac, and Gr represent Clarity,
Hierarchical Coherence, Orthogonality, Completeness,
Accuracy, and Granularity, respectively.

Granularity. This criterion evaluates the speci-
ficity of the leaf node topics. This involves deter-
mining whether the topics are detailed enough to
uniquely categorize and differentiate between fac-
tual claims, yet broad enough to maintain practical
applicability over multiple claims.

Nine human evaluators participated in the claim-
topic evaluation. They were divided into three
groups, each consisting of three individuals. Each
group assessed the same set of 306 claim-topic
pairs, comprising 34 pairs per model for each
dataset. After completing the evaluations, we cal-
culated the average scores for each model across
the datasets, as presented in Table 4.

Overall, GPT-40 mini and Gemini demonstrated
stronger performance in both accuracy and granu-
larity compared to Zephyr, particularly on the CS
dataset, where they achieved a granularity score of
4.9. According to the feedback from human evalu-
ators, Zephyr often produced lengthy descriptions
for detailed topics, occasionally repeating the con-
tent of the social media posts, which contributed
to its lower granularity scores. However, Zephyr
showed slightly higher accuracy in the CV dataset
in the human evaluation, indicating it may perform
better with shorter texts such as tweets. In contrast,
Facebook posts (CC and CS) likely provided more
verbose and detailed content, which may have ben-
efited GPT-40 mini and Gemini.

To measure the inter-rater reliability, we com-
puted Gwet’s AC2 scores for each group. The

average scores of the three groups were 0.67 for
accuracy and 0.75 for granularity.

5.3 Error Analysis

Based on the feedback from the human evalua-
tors, errors in the taxonomies can be categorized
into three types: 1) overlapping of topics, 2) lack
of specificity in topic labels, and 3) generation
of noisy data. For criteria receiving lower scores
in taxonomy evaluation, evaluators highlighted is-
sues caused by overlapping and similar topic la-
bels, such as “Vaccine Mandates” versus “COVID-
19 Vaccine Mandates” and “Cybersecurity Levy
on Transactions” versus “Cybersecurity Levy on
Bank Transactions.” Additionally, there are am-
biguous labels, such as “Lawsuits” and “Cyberse-
curity,” which lack specificity. In the evaluation of
claim-topic pairs, some detailed topics directly mir-
rored the factual claims. In addition, the LLMs may
produce irrelevant outputs, such as detailed topics
labeled “not mentioned in the given post.” These
issues highlight areas where LLMs’ performance
can be improved to enhance the accuracy and rele-
vance of the taxonomy, as well as the necessity of
post-processing the generated topics.

6 Conclusion

In this study, we introduced LLMTaxo, a novel
framework that leverages LLMs to construct tax-
onomies of factual claims from social media.
Through evaluations across three distinct datasets,
our approach demonstrated effectiveness in or-
ganizing claims into hierarchical structures with
broad, medium, and detailed topics. The results
highlight the framework’s potential in reducing
redundancy, improving information accessibility,
and assisting users such as researchers and fact-
checkers in navigating online factual claims.

Limitations

The framework’s reliance on LLMs such as Zephyr
and GPT-40 mini introduces potential limitations.
These models, while powerful, may generate in-
consistent or irrelevant topics for certain factual
claims, which can impact the overall quality and
reliability of the taxonomy. Despite efforts to au-
tomate the process, manual intervention remains
necessary for refining and annotating learning ex-
amples. This introduces subjectivity, which may
affect the consistency of the taxonomy.
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Scalability poses an additional challenge. While
LLMTaxo is designed to be adaptable for different
topic domains, its performance may be constrained
when applied to larger datasets with a broader range
of topics. The computational demands associated
with LL.M-based topic generation could also limit
its feasibility for large-scale applications.

Ethics and Risks

The deployment of LLMTaxo could potentially raise
ethical considerations and risks. One key concern
is bias in topic generation. Since LLMs are trained
on vast amounts of pre-existing data, they may in-
advertently reflect biases present in those sources.
This can lead to biased topic categorizations, af-
fecting the neutrality and fairness of the taxonomy.
Identifying and mitigating such biases is crucial to
maintaining objectivity.

Privacy considerations must also be addressed,
as social media posts used in the study may contain
personal information. Steps have been taken to
anonymize and aggregate the data, but ongoing
vigilance is required to ensure compliance with
ethical guidelines and protect individual privacy.

The framework could also be susceptible to mis-
use. Malicious actors may attempt to manipulate
the taxonomy to frame narratives that align with
specific agendas. To counteract this risk, trans-
parency in methodology and responsible use of the
framework should be prioritized.

Finally, the taxonomy has the potential to influ-
ence public perception of factual claims on social
media. Care must be taken to ensure that it presents
an accurate, balanced, and comprehensive view of
claims, avoiding any unintentional misrepresenta-
tion of content.
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A Prompt for Topic Generation and
Sample Results

There are k learning examples used to guide the
LLMs in generating a broad topic, a medium topic,
and a detailed topic for each factual claim, as shown
in Figure 2. Each prompt example contains the list
of topic tuples from the annotated factual claims
in the k learning examples (i.e., the seed taxon-
omy), a factual claim, a question asking the LLMs
to generate broad, medium, and detailed topics for
the claim, and the answer to the question. In the
question, the LLMs are instructed to prioritize gen-
erating topics from the existing topics in the seed
taxonomy. If none of the existing topics align well
with the claim, the LL.Ms are then directed to gen-
erate new topics. This instruction ensures that the
LLMs produce a limited number of topics. This
prompt is iterated through all the factual claims to
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LLM Input

Q: You will be given a claim related to COVID-19 vaccine. Please generate topics for the claim from
different granularities such as broad topic, medium topic, and detailed topic. Each generated topic
should be no more than eight words.

Here is a list of existing topics:

1. Broad topic: Government Policies; Medium topic: Vaccine Mandates; Detailed topic: Opposition to
Vaccine Mandates;

2. Broad topic: Government Policies; Medium topic: Vaccine Policies; Detailed topic: Vaccine Privacy;
3. Broad topic: Vaccine Safety and Effectiveness; Medium topic: Vaccine Side Effects; Detailed topic:
Vaccine-Related Injuries and Deaths;

K. ...

Please try to generate topics for the claim using existing topics. If there is no good match, then generate
new topics following the same format. Here is the claim: <¢;>

A: Broad topic: <t®>; Medium topic: <t™;>; Detailed topic: <t4>

Q: ...
A ...

Q: ..
A ...

Q: You will be given a claim related to COVID-19 vaccine. Please generate topics for the claim from
different granularities such as broad topic, medium topic, and detailed topic. Each generated topic
should be no more than eight words.

Here is a list of existing topics:

1. Broad topic: Government Policies; Medium topic: Vaccine Mandates; Detailed topic: Opposition to
Vaccine Mandates;

2. Broad topic: Government Policies; Medium topic: Vaccine Policies; Detailed topic: Vaccine Privacy;
3. Broad topic: Vaccine Safety and Effectiveness; Medium topic: Vaccine Side Effects; Detailed topic:

Vaccine-Related Injuries and Deaths;
k

new topics following the same format.
Here is the claim: <¢>

Please try to generate topics for the claim using existing topics. If there is no good match, then generate

/I LLM Output

-

A: Broad topic: <t?>; Medium topic: <t™,>; Detailed topic: <t4>

Figure 2: Prompt used to generate topics for each claim.

generate topics for them. A sample of the gener-
ated results from the three datasets (CV, CC, and
CS) are shown in Table 5.

B GPT-4 Prompt for Evaluation

B.1 Prompt for Evaluating Taxonomy

I used LLMs to construct taxonomy and now I
need to evaluate the taxonomy. I created some
metrics to evaluate it. The [Taxonomy file name]
uploaded contains the taxonomy with three-level
topics. Please use the metrics in the [Metrics file
name] to evaluate the taxonomy in [Taxonomy file
name]. Please read each metric and understand
them clearly, and then rate the metrics from 1-5,
where 5 is the highest quality and 1 is the lowest.
Please also provide judgments for your score and
ignore the topic “Other” during evaluation.

B.2 Prompt for Evaluating Claim-Topic Pairs

I used LLMs to generate topics from three levels
for factual claims. Now I need to evaluate ONLY

the detailed topics from two aspects: **accuracy**
and **granularity**. Here are the two aspects: Ac-
curacy: This criterion assesses how accurately the
leaf node topics reflect the content and context of
the corresponding factual claims. This involves de-
termining if the topics are relevant and if they cor-
rectly represent the underlying information without
misinterpretation or error. Granularity: This crite-
rion evaluates the specificity of the leaf node topics.
This involves determining whether the topics are
detailed enough to uniquely categorize and differ-
entiate between factual claims, yet broad enough
to maintain practical applicability across multiple
claims. If there is no detailed topic for a claim then
evaluate the medium topic. If there is no medium
topic existing, then evaluate broad topic.

Please read the evaluation metrics carefully and
evaluate the claim-topic pairs and give one score
for accuracy and one score for granularity for each
claim-topic pair. The score ranges from 1-5, with 5
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Dataset Claim Broad Topic Medium Detailed Topic
Topic
COVID-19 John Stockton boldly suggests ‘thousands’ of  Vaccine Vaccine Vaccine-Related
Vaccine pro athletes died after Covid vaccine shot Safety and Side Effects Injuries and
https://t.co/mXbt6Apm2q via @marca Effectiveness Deaths
COVID-19 A lot of people in ‘stage 4 cancer’ after #Covid  Vaccine Vaccine Cancer Side Effect
Vaccine #Vaccine https://t.co/z0YAqGgQrL Safety and Side Effects
Effectiveness
Climate Climate change is an existential threat to humanity. Activism and  Climate Ad- Aggressive  Cli-
Change On Earth Day and every day, we remain committed  Public Aware- vocacy mate Action
to taking the most aggressive climate action ever. ness
Climate Climate change causes Dry spell in Kashmir, The = Environmental Global Climate Change
Change weather in Kashmir is warmer than Delhi and Impact Warming Effects in Kash-
Chandigarh, No snow rain in Kashmir During mir
Chillai Kalan
Cybersecurity CBN Exempts 16 Items from Cybersecurity Policies and Government Cybersecurity
Levy...including Salary, Loans, Pension, Donations ~ Governance Regula- Levy Exemptions
tions
Cybersecurity Streaming giant Roku has recently been targeted by = Threats Cyberattacks Roku  Account
a pair of cyberattacks, and the company confirmed Compromise

over a half million Roku accounts were compro-
mised.

Table 5: Factual claims and their topics generated by GPT-40 mini in different datasets.

being the best and 1 being the worst.

«EXAMPLES»

«EXAMPLE 1»

Factual claim: I worked for 18 months to end
Biden’s unscientific and unethical military COVID
vaccine mandate. Thanks to your phone calls and
letters, we gained 92 sponsors on HR 3860. Re-
peal of the mandate just became a reality with the
signing of the NDAA. Now let’s end the other man-
dates.

broad topic: Government Policies; medium
topic: Vaccine Mandates; detailed topic: Oppo-
sition to Vaccine Mandates.

Accuracy: 5. Granularity: 5.

«EXAMPLE 2»

Factual claim: Myocarditis is up TEN times due
to the Covid Vaccine... Nearly 30 % of young peo-
ple have measurable cardiac injuries post-vaccine..
The CDC is LYING about this. . .

broad topic: Vaccine Safety and Effectiveness;
medium topic: Vaccine Side Effects; detailed topic:
Myocarditis Side Effect

Accuracy: 5. Granularity: 5.

«EXAMPLE 3»

Factual claim: Graphen oxide resonates at 26ghz
microwaves from a 5G cell towers that’s in the
COVID vaccine! You can neutralise the EMF and
5G radiation from mobile devices and detox from
heavy metals.

broad topic: Political and Societal Implications;
medium topic: Conspiracy Theories

Accuracy: 5. Granularity: 5.

«EXAMPLE 4»

Factual claim: Study published in Dec. 2020
proved COVID Vaccines could cause Strokes,
Alzheimer’s, Parkinson’s, Multiple Sclerosis, and
Autoimmune Disorder — Is there any wonder why
the Five Eyes; Europe have suffered 2 Million Ex-
cess Deaths in the past 2 years?

broad topic: Vaccine Safety and Effectiveness;
medium topic: Scientific and Medical Discus-
sions; detailed topic: Discussions about Strokes,
Alzheimer’s, Parkinson’s, Multiple Sclerosis, and
Autoimmune Disorder.

Accuracy: 4. Granularity: 2.

«EXAMPLE 5»

Factual claim: *The doctor said that the probable
cause of her heart attack was the vaccine, but he
was too scared to put that on the report.” South
African politician Jay Naidoo reacts to the South
African court being asked to conduct a judicial
review of the Covid vaccine.

broad topic: Political and Societal Implications;
medium topic: Vaccine Injury; detailed topic:
Court Review of Covid Vaccine.

Accuracy: 2. Granularity: 5.

«END EXAMPLES»

Now, please evaluate the topics for the following
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claim-topic pairs and only provide the scores for
accuracy and granularity separated by a comma.
For example. 3, 4.

Claim: {claim}

Broad Topic: {broad_topic}

Medium Topic: {medium_topic}

Detailed Topic: {detailed_topic}

C Evaluation Metrics

This section provides a detailed explanation of the
taxonomy evaluation metrics.
Clarity. Assess whether the topic labels are clear,
precise, and unambiguous.
Purpose: Ensure that each topic label communi-
cates its content effectively to avoid confusion.
Evaluation Criteria:

* Precision: Each topic label uses specific and
well-defined terms.

* Unambiguity: Topic labels should have only
one interpretation, preventing misunderstand-
ing.

* Consistency: Use of terminology is consistent
across all levels of the taxonomy.

* Accessibility: Language is straightforward,
avoiding jargon where possible unless it is
standard within the covered domain.

Hierarchical Coherence. Assess whether the
taxonomy follows a clear and meaningful hierar-
chical structure.

Purpose: Ensure that the taxonomy’s structure
facilitates easy navigation and understanding by
clearly organizing information from the most gen-
eral to the most specific.

Evaluation Criteria:

 Gradational Specificity: There is a logical pro-
gression from broader to more specific cate-
gories.

* Parent-Child Coherence: Parent-child rela-
tionships are well-formed, ensuring that child
nodes logically belong to their parent nodes.

* Consistency: The hierarchy maintains consis-
tent levels of detail throughout the taxonomy,
ensuring that no topics are too broad or too
narrow relative to others at the same level.

Orthogonality. Assess whether the topics are
well-differentiated without duplication.

Purpose: Maintain distinct boundaries between
topics to ensure that each topic captures unique
aspects of the domain.

Evaluation Criteria:

* Distinctiveness: Topics at each level progres-
sively add meaningful distinctions rather than
just rephrasing broader topics.

* Non-overlap: For each topic, there is mini-
mal to no overlap in the scope or content with
other topics. Note that the topics with dif-
ferent parent topics are always different. For
example, the medium topic “Vaccine Safety”
under broad topic “Public Opinion” is essen-
tially “Public Opinion about Vaccine Safety”
and distinctly different from “Vaccine Safety”
under “Government Policies.” To minimize
redundancy, we use succinct descriptions that
are sufficient to convey the distinct meaning
of each topic.

Completeness. Assess whether the taxonomy
captures a broad and representative set of topics
across different aspects of the domain.
Purpose: Cover as many areas of the topic to
ensure the taxonomy is comprehensive.
Evaluation Criteria:

* Domain Coverage: The taxonomy covers a
variety of significant aspects of the domain it
represents.

* Depth: The taxonomy provides sufficient
depth in each branch to capture nuanced dis-
tinctions within topics.

» Balance: The topics are evenly distributed
across the taxonomy. This involves assess-
ing whether some branches are disproportion-
ately detailed while others are underdevel-
oped, which could lead to an imbalance that
might skew the taxonomy’s effectiveness and
navigability.

Note that the intrinsic evaluation criteria of the
metrics cannot completely eliminate overlap due to
the inherent characteristics of taxonomy.

D Use of AI Assistants

Some of our code was developed using GitHub
Copilot, and the writing was polished using Chat-
GPT and Grammarly.

E Human Evaluators

The human evaluators involved in the human eval-
uation are lab members of the research team.
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