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Abstract
Extracting topics from text has become an essential task, especially with the rapid growth of unstructured textual data.
Most existing works rely on highly computational methods to address this challenge. In this paper, we argue that
probabilistic and statistical approaches, such as topic modeling (TM), can offer effective alternatives that require
fewer computational resources. TM is a statistical method that automatically discovers topics in large collections
of unlabeled text; however, it produces topics as distributions of representative words, which often lack clear
interpretability. Our objective is to perform topic labeling by assigning meaningful labels to these sets of words.
To achieve this without relying on computationally expensive models, we propose a graph-based approach that
not only enriches topic words with semantically related terms but also explores the relationships among them.
By analyzing these connections within the graph, we derive suitable labels that accurately capture each topic’s
meaning. We present a comparative study between our proposed method and several benchmarks, including
ChatGPT-3.5 (OpenAI, 2023), across two different datasets. Our method achieved consistently better results
than traditional benchmarks in terms of BERTScore and cosine similarity and produced results comparable to
ChatGPT-3.5, while remaining computationally efficient. Finally, we discuss future directions for topic labeling and
highlight potential research avenues for enhancing interpretability and automation.

Keywords: Topic Modeling, Topic Labeling, Graph-based Methods, ConceptNet, Natural Language Pro-
cessing

1. Introduction

Extracting topics from text is a rapidly growing area
of research, driven by the enormous and contin-
uously increasing volume of textual data across
various domains. This surge has created a de-
mand for methods that can accurately and effi-
ciently identify the underlying themes within large
corpora. Many recent studies focus on the appli-
cation and advancement of Natural Language Pro-
cessing (NLP) techniques, particularly leveraging
sophisticated methods such as topic extraction, se-
mantic understanding, and text organization, of-
ten using Large Language Models (LLMs) (Wang
et al., 2024; Nakanishi, 2025; Bitaraf et al., 2024;
Reynolds, 2025; Li and Chen). However, these
approaches are typically computationally expen-
sive and require substantial resources to achieve
high-quality results.

In contrast, topic modeling (TM) provides a well-
established and efficient alternative. TM is an un-
supervised machine learning (ML) technique that
automatically discovers latent topics in large col-
lections of unlabelled text, without requiring prior
training data (Churchill and Singh, 2022). By identi-
fying the underlying thematic structure of a corpus,
TM enables researchers to generate representa-

tive topics in a resource-efficient manner. While TM
can reveal the underlying structure of a corpus, a
major limitation lies in its inability to directly produce
human-readable topics (Churchill and Singh, 2022).
Typically, TM outputs are a distribution of words as-
sociated with each topic, which may indicate the
most relevant terms but often lacks interpretability
for human readers. To address this challenge, topic
labeling (TL) has been introduced. TL (Mekaoui
et al., 2025) is an approach for assigning compre-
hensive and semantically meaningful labels to TM
results, ensuring that they are interpretable and
understandable from a human perspective. TL has
gained increasing importance and has been ap-
plied across diverse domains. A notable applica-
tion is presented in (Nolasco and Oliveira, 2016)
who applied TL on a scholarly dataset derived
from KDD conference proceedings (Knowledge
Discovery and Data Mining), demonstrating that
their method can effectively generate topic labels
with efficiency comparable to human-generated la-
bels. In (Tiwari et al., 2023a), TL was applied to
extract topics from short texts. Similarly, Hagerer et
al. (Hagerer et al., 2021) utilized TL on a dataset of
online user comments about organic food, collected
from multiple platforms such as Reddit, Quora, Dis-
qus, and major news websites including The Wash-
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ington Post and The New York Times.
Although topic labeling has been widely adopted

for labeling topics in various domains, numerous
studies emphasize persistent challenges and lim-
itations in this field. A central concern relates
to computational complexity. Neural-based ap-
proaches (Ramón-Ferrer et al., 2023; Mao et al.,
2016; Tiwari et al., 2023a; Mu et al., 2024) show
that resource-intensive models, such as ChatGPT,
require considerable computational power and of-
ten suffer from limited accessibility. Several works
point to methodological limitations in TL, including
the inability to create novel labels, difficulties in se-
lecting an appropriate model, and the tendency to
produce labels that are either too generic or insuffi-
ciently discriminative for meaningful content inter-
pretation (Alokaili et al., 2020; Flondor and Frincu,
2023; Ramón-Ferrer et al., 2023; Tang et al., 2016;
Nolasco and Oliveira, 2016; Sanjaya et al., 2018;
Kozbagarov et al., 2021; Li et al., 2016, 2019). On-
tology and graph-related challenges are also widely
recognized, as these approaches typically involve
elaborate, multi-stage pipelines that integrate TM
outputs into ontological or graph structures and
align them with domain-specific concepts to derive
suitable labels for TM results (Allahyari and Kochut,
2015; Hagerer et al., 2021; Adhitama et al., 2017;
Scelsi et al., 2021; Chaudhary et al., 2024). Further-
more, studies involving human labeling highlight
the substantial manual effort required in the label-
ing process (Flondor and Frincu, 2023; Sanjaya
et al., 2018; Zheng and Li, 2022). Finally, issues of
coherence, granularity, precision, and objectivity in
label interpretation are consistently reported in the
literature (Mao et al., 2016; Sanjaya et al., 2018;
Davoudi and An, 2015; He et al., 2019; Gourru
et al., 2018; Mao et al., 2012).

In this paper, we introduce a novel TL method that
leverages graph structures to generate representa-
tive labels for sets of words which represent a topic.
Our method addresses several limitations identi-
fied in previous studies. Specifically, we focus on
integrating TM outputs into a graph structure and
identifying the most representative nodes within
that graph through a simpler and more transparent
procedure. We further hypothesize that adopting a
graph-based approach, rather than relying on com-
putationally intensive neural models, can alleviate
issues related to high resource demands, model
selection complexity, and the tendency of existing
methods to produce labels that are overly generic
or insufficiently discriminative.

This paper is structured as follows. Section 2 re-
views the existing works on TL. Section 3 presents
the methodology adopted in this study. Section 4
discusses and analyzes the experimental results,
including comparisons with benchmark methods.
Finally, Section 5 concludes the paper and outlines

future research directions.

2. Related Works

This section reviews the main approaches pro-
posed in the literature for TL. Existing methods
can be broadly categorized into four groups: tra-
ditional methods, neural-based methods, ontology
and graph-based methods, and hybrid approaches.

2.1. Traditional Methods
Earlier attempts to solve the TL task mainly re-
lied on classical machine learning (ML) algorithms
and information retrieval (IR) strategies. These in-
clude well-known classifiers such as support vector
machines (SVM) (Effendi et al., 2023), k-nearest
neighbors (KNN) (Mao et al., 2016), in addition to
extensions of TM methods like non-negative ma-
trix factorization (NMF) and latent direchlet alloca-
tion (LDA) (Li et al., 2022; Zha and Li, 2019; Mao
et al., 2015; Liu and Tang, 2019; Wood et al., 2017).
From the IR perspective, methods have been de-
signed to extract candidate terms or phrases using
a predefined dictionary of meaningful words (Tang
et al., 2016), candidate selection algorithms (No-
lasco and Oliveira, 2016), or truth discovery frame-
works (Sanjaya et al., 2018). Finally, some studies
rely on human expertise for topic annotation. In
these cases, domain experts or annotators validate
and assign labels manually to the TM results (Flon-
dor and Frincu, 2023; Korenčić et al., 2015). Tra-
ditional TL approaches remain limited by manual
intervention, slow processing, and reliance on ex-
ternal knowledge sources, leading to inconsistent
and less adaptive labels across datasets.

2.2. Neural-based Methods
With the rise of deep learning, neural models
have gained increasing attention in TL research.
Some studies directly employ large language mod-
els (LLMs) to generate suitable labels for TM re-
sults (Ramón-Ferrer et al., 2023; Mu et al., 2024),
while others adapt or fine-tune them for this spe-
cific task. For instance, the Bidirectional and
Auto-Regressive Transformer (BART) (Lewis et al.,
2019) has been extended into a TL variant (BART-
TL) through a weakly supervised fine-tuning pro-
cess (Popa and Rebedea, 2021). Similarly, the
Seq2Seq architecture has been applied using the
Wikipedia dataset to produce meaningful topic la-
bels (Alokaili et al., 2020). Contextual embed-
dings have also been investigated, such as in the
contextualized topic model (CTM) (Zheng and Li,
2022). Other approaches rely on word embed-
ding strategies to enrich the semantics of the la-
bel (Kozbagarov et al., 2021; Tiwari et al., 2023b).
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Along the same line, neural embedding topic la-
beling (NETL) exploits neural embeddings, specifi-
cally word2vec (Church, 2017) for word represen-
tations and doc2vec (Mikolov et al., 2013) for docu-
ment/title embeddings, to identify the most relevant
labels for each topic (Bhatia et al., 2016). Neural-
based approaches leverage deep architectures to
capture semantic relationships beyond TM resulted
words. However, they often require large anno-
tated datasets, high computational resources, and
struggle with multilingual adaptation and long-text
processing.

2.3. Ontology and Graph Based Methods
Another area of research leverages ontologies to
map TM results (typically word lists) to domain con-
cepts and categories. This knowledge-driven ap-
proach has been applied in several studies, demon-
strating its effectiveness in producing semantically
meaningful topic labels (Kinariwala and Deshmukh,
2021; Allahyari and Kochut, 2015; Adhitama et al.,
2017; Kim and Rhee, 2019; Davoudi and An, 2015;
Magatti et al., 2009; Slabbekoorn et al., 2016; Zosa
et al., 2022).

Building on this semantic perspective, graph-
based representations have also been explored
to capture structural relationships among topics
or terms. Such approaches include social graph
modeling (Hagerer et al., 2021), graph-based rank-
ing (He et al., 2019), semantic enrichment us-
ing the ConceptNet knowledge graph (Chaudhary
et al., 2024), and hierarchical topic construction
with Bayesian Rose Trees (BRTs), which discover
topic labels by organizing words and concepts into
semantic hierarchies (Ogawa and Saga, 2021). On-
tology and graph-based methods leverage struc-
tured knowledge sources to enhance the inter-
pretability of TL. However, they face challenges
related to ontology construction, concept selection,
and the accurate mapping of topic words to seman-
tic hierarchies, which can be complex.

2.4. Hybrid approach
These methods begin by extracting relevant knowl-
edge from external resources or specialized do-
main dictionaries, such as Wikipedia (Vathi et al.,
2017; Hossain et al., 2019; Scelsi et al., 2021; Lau
et al., 2011). This foundational knowledge is then
combined with machine learning algorithms, neural
networks, or other computational techniques to im-
prove topic identification. For example, Gourru et
al. (Gourru et al., 2018) demonstrate a hybrid ap-
proach by merging multiple unsupervised n-gram-
based labelers. Similarly, Li et al. (Li et al., 2016,
2019) showcase the effectiveness of integrating
various methods within their work. However, these
hybrid approaches are often limited by evaluations

on small or narrow datasets, raising concerns about
their generalizability. Additionally, while combining
multiple methods can improve coverage, issues
such as label precision and the selection of the
most appropriate labeler remain largely unresolved.

3. Methodology

Our approach differs from prior TL methods in three
fundamental ways. First, instead of treating TM
words as independent unordered terms, we model
their distribution as a single sequential textual unit
obtained by concatenation. We argue that this
preserves contextual interactions between topic
words and yields a more coherent semantic repre-
sentation of the topic. Second, whereas previous
work relies on multiple graph-based metrics, includ-
ing counting, distance measures, degree statis-
tics, similarity variants, and centrality scores, to
rank candidate nodes, we argue that a carefully de-
signed similarity algorithm alone is sufficient to iden-
tify the most representative node. This substantially
simplifies the scoring mechanism while maintain-
ing effectiveness. Third, prior approaches often
return to the original source documents to compute
additional statistics such as frequency or similarity.
In contrast, our objective is to design a lightweight
method suitable for large-scale documents; there-
fore, revisiting the original corpus would contradict
this goal. For this reason, our method operates
exclusively on the extracted topic-word distribution
without reprocessing the full documents.

Our proposed methodology to address the prob-
lem of TL is divided into 5 parts, as shown in Fig-
ure 1. First, the input consists of a set of words
representing the topic to be discovered, which cor-
responds to the results of TM. Using this input,
we construct a single text sequence and transform
it into its embedding (Section 3.1). Then, an al-
gorithm specifically designed to extract the most
suitable label for each topic set, is applied to gen-
erate the final representative label (Section 3.2).
Each component of the process is detailed in the
following subsections.

3.1. Single Text Sequence Construction
and Embedding

For each topic, we compute a single text sequence
embedding by encoding all topic words together.
Formally, let a topic be represented by a set of
words

T = {w1, w2, . . . , wn}.

We construct a single text sequence by concate-
nating the words with commas and spaces:

S = w1, w2, . . . , wn
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1. Input: Topic Modeling Results
Input of word lists for each topic, e.g.,
[“obama”, “mccain”, “campaign”, “john”,
“barack”, “president”, “senator”, “candidate”,
“convention”, “clinton”].

2. Single Text Sequence Construction
Transformation of word lists into a single text
sequence, e.g., “obama, mccain, campaign,
john, barack, president, senator, candidate,
convention, clinton”.

3. Sequence Embedding
Generate embeddings of the constructed single
text sequence using a pre-trained model.

4. Label Selection Algorithm
Apply the algorithm to select the best label
based on similarity scores.

5. Output: Topic Label
Select the final topic label based on algorithm
results.

Figure 1: Visual schema of the proposed method-
ology for TL, illustrating the main steps from input
topic words to the selection of the final representa-
tive label.

and compute its embedding:

Etopic = Embed(S),

where Embed denotes a pre-trained embedding
model. This embedding captures the semantic rep-
resentation of the topic as a whole.

We adopt this method because the words rep-
resenting a topic are semantically interdependent
and must be considered together to deliver the in-
tended meaning. For instance, as shown in Ta-
ble 2, in the second row, the word "president" alone
does not clearly indicate that the topic concerns the
President of the United States. However, when
combined with related words such as "Barack",
"Obama", "John", "McCain", "senator", and "Clin-
ton", the topic becomes unambiguous. Similarly,
the inclusion of the word "candidate" further rein-
forces the interpretation that the topic relates to U.S.
presidential nominees. This observation motivates
us to treat the set of topic words as a single text
sequence and compute its embedding accordingly,
rather than embedding words separately.

To ensure robustness and identify the most suit-
able embedding model for our method, we eval-
uate a diverse set of pre-trained models, includ-
ing those listed in Table 1. These models are se-
lected based on three key criteria: they are open-
source, have manageable parameter sizes (all un-
der 400M), and demonstrate strong performance in

benchmark evaluations, as reported by the Massive
Text Embedding Benchmark (Hugging Face, 2025).
This selection enables a comprehensive evaluation
of embeddings that balance efficiency and accu-
racy, reinforcing the robustness of our method.

Models Parameters
gtr-t5-large (Ni et al., 2021) 335M
GIST-large-Embedding-v0 (So-
latorio, 2024)

335M

all-mpnet-base-v21 109M
GIST-small-Embedding-v0 (So-
latorio, 2024)

33M

all-MiniLM-L12-v23 33M
all-MiniLM-L6-v22 22M
GIST-all-MiniLM-L6-v2 (Solato-
rio, 2024)

22M

Table 1: List of pre-trained embedding models con-
sidered in our evaluation, including their respective
parameter sizes.

Each pre-trained model produces its own topic em-
bedding Etopic, which serves as a reference in the
subsequent experiments. In particular, individual
candidate word embeddings Ecwi

= Embed(cwi
)

from each experiment are compared to the corre-
sponding Etopic to determine the most represen-
tative word for the topic. By evaluating multiple
embedding models, we aim to compare their effec-
tiveness and select the one that yields the most
accurate and semantically meaningful labels in our
setting.

3.2. Label Selection Algorithm
In this subsection, we present two algorithms that
were adopted in our method. These algorithms are
closely related; however, the first algorithm relies
solely on the set of TM words, whereas the second
incorporates graph-based information. We hypoth-
esize that integrating the graph will add greater
semantic richness to the set of words and help
produce more representative and accurate topic
labels. Nevertheless, there is also a possibility that
the graph may introduce additional noise, making
it unnecessary if the TM words alone are sufficient.
Therefore, we designed two separate algorithms
to evaluate both scenarios and later compare their
performance to determine which achieves the best
results.

1https://huggingface.co/
sentence-transformers/all-mpnet-base-v2

2https://huggingface.co/
sentence-transformers/all-MiniLM-L6-v2

3https://huggingface.co/
sentence-transformers/all-MiniLM-L12-v2

https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
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3.2.1. Algorithm 1: Direct Similarity Labeling
(DSL)

We compare each single candidate word embed-
ding Ecwi

from the original word set that represents
the TM results to Etopic and select the word with the
highest similarity as the topic label. The objective
of this method is twofold: (i) to evaluate how well
individual embeddings and the aggregated topic
embedding perform in identifying the most repre-
sentative label, and (ii) to validate our general as-
sumption that the most representative label is the
word whose embedding is closest to the topic em-
bedding Etopic.

Algorithm 1: Direct Similarity Labeling
(DSL)

Input: Embedding of single text sequence
Etopic, Topic Keywords
{W1,W2, . . . ,Wn}

Output: Final label L∗

foreach Topic keyword Wi do
Compute embedding Ewi for Wi;
Compute cosine similarity
Si = cos(Etopic, Ewi

);
Select topic label
L∗ = Wj where j = argmaxi Si;

return L∗

3.2.2. Algorithm 2: Graph-Enhanced Labeling
(GEL)

Graph Generation Process For graph genera-
tion, we adopted the method proposed by Akhil et.
al (Chaudhary et al., 2024). Starting from the words
output by TM, we use the ConceptNet API (Liu and
Singh, 2004) to construct the most highly connected
graph achievable. The intuition is that words be-
longing to the same topic are likely to be closely
related within the ConceptNet knowledge graph.
We chose ConceptNet (Liu and Singh, 2004) as
our external knowledge source because it is freely
available, contains rich semantic relations, and has
shown strong results in previous studies (Chaud-
hary et al., 2024). Our procedure involves two
steps: (1) querying each word individually to re-
trieve its associated concepts and (2) iteratively
expanding the graph by querying the neighbors of
these concepts. We limited the expansion to three
hops, following the findings of Akhil et. al (Chaud-
hary et al., 2024) that three iterations are sufficient
to obtain a well-connected graph without introduc-
ing excessive noise.

The motivation behind this method is our hypoth-
esis that the words generated by the TM represent
a coherent theme. Therefore, when mapped into
a concept graph, these words should eventually

become interconnected after a few hops. This pro-
cess allows us to construct a connected graph that
captures semantic links among topic words. As
illustrated in Figure 2, words from the first topic
(e.g., “server”, “infrastructure”, "virtualisation", and
“virtual”) become connected through ConceptNet,
enriching the vocabulary and providing a clearer
understanding of the relationships between them.

Algorithm description Formally, We compare
each single candidate word embedding Ecwi

from
the nodes of the constructed graph to Etopic, and se-
lect the word with the highest similarity as the topic
label. The objective of this algorithm is to evaluate
whether incorporating the graph structure improves
label quality. The graph provides an enriched vo-
cabulary that is closely related to the topic, allowing
candidate labels to be drawn not only from the orig-
inal set of words but also from graph-connected
nodes.

Algorithm 2: Graph-Enhanced Labeling
(GEL)

Input: Embedding of single text sequence
Etopic, Topic Keywords
{W1,W2, . . . ,Wn}

Output: Final topic label L∗

Generate a ConceptNet-associated graph
G from the topic
keywords{W1,W2, . . . ,Wn};

Compute Embedding of all nodes of G to
obtain node embeddings
{En1, En2, . . . , Enm};

foreach node nj with embedding Enj in G
do

Compute cosine similarity
Sj = cos(Etopic, Enj);

Select Topic label
L∗ = nk where k = argmaxj Sj return
L∗

4. Experiments, Results and
Discussions

In this section, we present and analyze the exper-
imental results obtained from the proposed algo-
rithms, DSL and GEL. The section is divided into
two main parts. The first part evaluates DSL and
GEL on the Topic_Bhatia dataset, allowing compar-
ison with prior studies that have shown strong per-
formance in topic labeling for this corpus (Chaud-
hary et al., 2024; Alokaili et al., 2020). The second
part reports results on the 20 Newsgroups dataset,
demonstrating the generalizability of our method
across different domains and enabling comparison
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Figure 2: Visualization of how topic words (e.g., “server”, “infrastructure”, “virtualisation”, and “virtual”)
become interconnected within ConceptNet after iterative expansion, resulting in a well-connected graph.

with previous works on this benchmark (Ramón-
Ferrer et al., 2023).

In addition to evaluating our algorithms, we apply
a large pre-trained model specifically fine-tuned for
TL, BART-TL (Popa and Rebedea, 2021), to the
Topic_Bhatia dataset. While benchmark results
from prior studies are already reported, BART-TL
has not previously been applied to this dataset.
Therefore, we conduct this experiment to assess
the performance of its two variations (BART-TL-ng
and BART-TL-all) directly and to compare it with our
algorithms as well as with the reported benchmarks.
This setup allows us to evaluate both the effective-
ness of our method and the potential advantages of
applying a pre-trained model in this context (Popa
and Rebedea, 2021).

All datasets, experimental setups, and results
are available in a repository1.

4.1. Experiments on Topic_Bhatia
Dataset

The evaluation of the quality of the generated labels
is conducted using BERTScore (Zhang et al., 2019).
BERTScore computes the similarity between pre-
dictions and references based on contextual em-
beddings, and has been shown to correlate strongly
with human judgments, as demonstrated in its orig-
inal paper (Zhang et al., 2019). One of the main
limitations of traditional TL evaluation methods is
their reliance on exact word matches, such as the
accuracy, precision, recall, F1 score, and macro
F1 score, which overlook semantically related la-
bels (Mekaoui et al., 2025). To address this, we
adopt BERTScore since it accounts for semantic

1https://github.com/SalmaMekaoui/
Enhancing_LLms_through_knowledge_graphs

similarity rather than requiring exact lexical over-
lap. Furthermore, as the baselines also employed
BERTScore for evaluation, using the same metric
ensures a fair and consistent comparison across
all methods.

4.1.1. Dataset Description

The Topic_Bhatia dataset contains 228 topics, each
associated with 19 candidate labels. The topics
are drawn from four domains: blogs articles, En-
glish language books, New York Times news arti-
cles, and PubMed biomedical abstracts (Lau et al.,
2011). Human ratings for these labels were col-
lected through a crowdsourcing task on Amazon
Mechanical Turk (MTurk), where annotators evalu-
ated labels on a scale from 0 (lowest) to 3 (highest).
Only labels with an average rating of 2 or above
were retained, resulting in a refined dataset of 219
topics and 1,156 topic label pairs, compared to
the original 4,332 combinations. Examples of this
dataset are mentioned in Table 2.

4.1.2. Results and Discussion

As shown in Table 3, the proposed algorithms
achieve high performance across all BERTScore
metrics. Prior to these experiments, the high-
est recorded F1 score on this dataset was 0.936,
achieved by Top2Label (Chaudhary et al., 2024)
(see Table 4). In comparison, DSL reached an F1
score of 0.955 using the all-MiniLM-L6-v2 em-
bedding, demonstrating that, in some cases, a sin-
gle word from the topic modeling results is sufficient
to identify the most accurate topic label. GEL also
achieved a top F1 score of 0.955, this time using
gtr-t5-large. Notably, GEL performed consis-
tently well across almost all embeddings, indicating

https://github.com/SalmaMekaoui/Enhancing_LLms_through_knowledge_graphs
https://github.com/SalmaMekaoui/Enhancing_LLms_through_knowledge_graphs
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Dataset Example Terms Possible Labels

Topic_Bhatia vmware, server, virtual, oracle, update,
virtualisation, application, infrastructure,
management, microsoft

cloud computing, microsoft exchange
server, vmware, web application, virtual-
ization, operating system

obama, mccain, campaign, john,
barack, president, senator, candidate,
convention, clinton

conservative, democrat, democratic party
(US), presidential nominee, bill clinton

20 Newsgroups game, team, play, hockey, player, win,
goal, season, fan, playoff

sport hockey

god, religion, atheist, moral, claim, point,
objective, good, belief, argument

religion atheism

Table 2: Example topic terms and corresponding possible labels for the two datasets used in our study:
Topic_Bhatia and 20 Newsgroups.

that incorporating graph-based relationships be-
tween words enriches the contextual information
and produces labels that are semantically closer to
the gold standard.

These results suggest that both DSL and GEL
provide significant improvements over existing
methods, while the main difference between DSL
and GEL lies in the balance between precision
and recall. In DSL, precision and recall are more
closely aligned, suggesting that the candidate label
captures most of the reference information without
introducing irrelevant content. In GEL, precision
exceeds recall, indicating that while the predicted la-
bel is semantically accurate, it covers only a limited
portion of the reference. Although, the numerical
difference is relatively small (0.02).

Turning to pretrained models, as presented in
Table 4, BART-TL-ng achieved an F1 score of 0.892.
Across all metrics, the results of this experiment did
not surpass those of DSL and GEL, nor did they
exceed the benchmark. This highlights limitations
of pre-trained models in generating semantically
representative labels for TM results.

Overall, these results indicate that using rela-
tively simple methods based on the TM words
alone is sufficient to achieve high-quality labels,
and there is no need for more complex or computa-
tionally costly approaches. Although DSL and GEL
achieved very similar scores, determining which
method performs better would require a manual
comparison between the predicted and gold labels,
which remains resource-intensive. Furthermore,
the Topic_Bhatia dataset includes multiple gold ref-
erence labels for each topic word set as shown in
Table 2. Accordingly, the evaluation algorithm com-
putes BERTScore between each generated label
and all reference labels separately, selecting the
highest similarity score as the final evaluation value.
This setup helps explain the relatively high scores
obtained by both DSL and GEL.

To further validate our method, we applied the
same set of experiments to the 20 Newsgroups

dataset. The results from this evaluation are re-
ported in Section 4.2.

4.2. 20 Newsgroups Dataset

For the 20 Newsgroups dataset, we evaluated the
quality of the generated labels using the cosine sim-
ilarity metric. This evaluation method differs from
the previous experiments because our primary ob-
jective here is to directly compare our method with
an established benchmark (Ramón-Ferrer et al.,
2023). Virginia et al. (Ramón-Ferrer et al., 2023)
employed the same dataset and assessed multi-
ple conversational models to determine their effec-
tiveness in producing semantically coherent labels
based on cosine similarity. The authors find out
that the best method was chatGPT 3.5 with a co-
sine similarity score of 0.655 (Ramón-Ferrer et al.,
2023).

To ensure a fair and consistent comparison,
we adopted the same evaluation strategy and ap-
plied the same embedding method, namely all-
MiniLM-L6-v2, for computing cosine similarity
scores. Another objective of this experiment is to
evaluate the impact of DSL and GEL across multi-
ple datasets. The experiments on the Topic_Bhatia
dataset were unable to provide an unbiased and
conclusive comparison of DSL and GEL. This limi-
tation motivated us to extend the evaluation to ad-
ditional datasets to better assess which algorithm
produces the most effective results.

4.2.1. Dataset Description

This dataset consists of more than 20,000 posts
organized into 20 distinct newsgroups and is widely
used in document clustering research. In this work,
we use a version where each of the 20 topics is
represented by its label and a set of the 10 most
representative words. Examples of this dataset are
presented in Table 2.
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Experiment Embedding Method BERT Precision BERT Recall BERT F1

DSL

all-MiniLM-L6-v2 0.958 0.953 0.955
all-MiniLM-L12-v2 0.948 0.944 0.945
all-mpnet-base-v2 0.943 0.944 0.943
gtr-t5-large 0.944 0.943 0.942
GIST-small-
Embedding-v0

0.951 0.951 0.951

GIST-large-
Embedding-v0

0.940 0.943 0.941

GIST-all-MiniLM-L-v2 0.952 0.949 0.949

GEL

all-MiniLM-L6-v2 0.964 0.945 0.954
all-MiniLM-L12-v2 0.961 0.944 0.952
all-mpnet-base-v2 0.961 0.945 0.952
gtr-t5-large 0.963 0.948 0.955
GIST-small-
Embedding-v0

0.955 0.939 0.946

GIST-large-
Embedding-v0

0.961 0.942 0.951

GIST-all-MiniLM-L6-v2 0.956 0.937 0.946

Table 3: Performance comparison of the application of the adopted method. Experiments with DSL and
GEL, corresponding to algorithms 1 and 2, report results across multiple embedding models.

Category Method BERT Precision BERT Recall BERT F1

Baselines
Alokaili topics_bhatia 0.919 0.926 0.919
Alokaili topics_bhatia_tfidf 0.930 0.933 0.929
Top2Label_all_relations 0.935 0.937 0.936

BART-TL Benchmark BART-TL-all 0.873 0.900 0.886
BART-TL-ng 0.880 0.905 0.892

Proposed Method DSL(all-MiniLM-L6-v2) 0.958 0.953 0.955
GEL(gtr-t5-large) 0.963 0.948 0.955

Table 4: Performance comparison of baseline, proposed, and pretrained methods. For the proposed
algorithms, DSL and GEL, only the results corresponding to the best-performing embeddings are reported.
The table also includes a pretrained benchmark model (BART-TL) for comparison.

4.2.2. Results and Discussion

From the results illustrated in Figure 3, it is evident
that GEL outperforms both DSL and Bart-TL. This
suggests that incorporating graphs provides signif-
icantly better results compared to using only the
original set of words or a pre-trained model. Fur-
thermore, although DSL and GEL do not surpass
the benchmark performance achieved by Chat-
GPT (cosine similarity = 0.655), they still achieve
strong results. Specifically, GEL achieves 0.627
with the GIST-all-MiniLM-L6-v2 embedding, while
DSL achieves a cosine similarity of 0.578 using the
all-MiniLM-L12-v2 embedding. Notably, these two
experiments, which are highly interpretable and ex-
plainable, outperform BART-TL, which achieved a
very low cosine similarity of 0.31(as shown in Ta-
ble 5), highlighting the effectiveness of simple and
explainable methods. Moreover, these results are
obtained with a relatively simple architecture and
minimal computational resources.

For the Topic_Bhatia dataset, each topic could

be associated with multiple possible labels, which
made it challenging to determine a consistent gold
standard for evaluation. As for the 20 Newsgroups
dataset, despite its well-established reputation in
classification tasks, it remains quite limited for topic
labeling purposes. The number of topic modeling
keywords and labels is restricted to only 20, which
constrains the diversity and scalability of experi-
ments.

5. Conclusion

In this paper, we proposed two methods for topic
labeling that assign representative labels to topic
modeling outputs using only the topic modeling
results themselves and their corresponding rep-
resentative graphs. Experiments conducted on
two datasets demonstrated strong performance in
terms of BERTScore and cosine similarity when
compared to both a fine-tuned pre-trained model
for topic labeling and existing benchmarks.
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Figure 3: Cosine similarity scores across the application adopted method on the 20 Newsgroups dataset.
The red dashed line represents the benchmark (ChatGPT, 10 words).

Table 5: Cosine similarity scores across the ap-
plication adopted method on the 20 Newsgroups
dataset.

Embedding D
SL

G
EL

BA
R

T-
TL

-a
ll

BA
R

T-
TL

-n
g

No Embedding - - 0.310 0.295
all-MiniLM-L6-v2 0.550 0.619 - -
all-MiniLM-L12-
v2

0.578 0.624 - -

all-mpnet-base-
v2

0.512 0.587 - -

gtr-t5-large 0.401 0.392 - -
GIST-small-
Embedding-v0

0.564 0.620 - -

GIST-large-
Embedding-v0

0.550 0.532 - -

GIST-all-MiniLM-
L6-v2

0.567 0.627 - -

In terms of F1 score, DSL and GEL achieved
0.955 using the all-MiniLM-L6-v2 and gtr-T5-large
embeddings, respectively, surpassing the highest
previously reported benchmark of 0.936. GEL,
which incorporates graph representations to enrich
the topic word sets with semantically informative
context, produced excellent results on the 20 News-
groups dataset. Using the GIST-all-MiniLM-L6-v2
embedding model, it achieved a cosine similarity
score that was only 0.028 lower than that of GPT-
3.5, despite requiring significantly fewer computa-
tional resources.

These findings suggest that simple and inter-
pretable methods, such as combining topic model-

ing results with graph-based representations, can
outperform more complex pre-trained models in
generating semantically meaningful topic labels,
while remaining computationally efficient. Further-
more, results on the 20 Newsgroups dataset con-
firmed the robustness and generalizability of our
approach across different domains.

Although the experiments yielded strong results,
several limitations should be acknowledged regard-
ing the size and nature of the datasets used. Fu-
ture work could explore the creation of larger, high-
quality labeled datasets specifically designed for
the topic labeling task, especially considering the
growing importance of topic labeling in extracting
meaningful topics from large-scale text corpora.

Moreover, the promising results obtained through
graph-based expansion of topic keywords open
new research directions. Future studies could ex-
plore alternative knowledge graphs beyond Con-
ceptNet, leverage graph structures to identify the
most informative nodes, or apply advanced graph
representation techniques, such as graph2vec, to
derive more representative and semantically rich
topic labels.
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