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Abstract. The question of which contextual topic modelling algorithm
performs best has become increasingly important as the field rapidly
develops new approaches. However, existing evaluations typically focus
on limited datasets and metrics, often claiming superiority for novel al-
gorithms. This study presents a comprehensive empirical evaluation of
eleven contextual topic modelling algorithms across ten diverse datasets,
five numbers of topics, and four performance metrics, resulting in 22,000
metric evaluations. Rather than identifying a single superior algorithm,
our results reveal clear evidence of performance complementarity: differ-
ent algorithms excel on different problem instances and under different
evaluation criteria. Through aggregate performance analysis, pairwise
dominance comparisons, and multi-objective Pareto frontier analysis,
we demonstrate that algorithmic dominance varies significantly across
problem instances. Most remarkably, in 84% of cases, all algorithms are
Pareto optimal when considering all metrics simultaneously, indicating
that each offers unique strengths that cannot be dominated by others.
These findings challenge the common practice of claiming algorithmic
superiority and suggest that algorithm selection should be guided by
specific problem characteristics and performance priorities rather than
blanket recommendations. Our work contributes to the growing recogni-
tion that performance complementarity is fundamental to computational
problems, extending this concept to contextual topic modelling and pro-
viding a foundation for future algorithm selection research. Code used
to conduct this study is provided. 1

Keywords: Natural language processing · Topic modelling · Perfor-
mance analysis · Performance complementarity.

1 https://github.com/AlgorithmicAmoeba/tm_framework
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1 Introduction

When working with a large corpus of documents, it is often useful to be able to
understand common themes that occur within the corpus. Topic modelling algo-
rithms are designed to solve this exact problem, offering unsupervised machine
learning approaches that process corpora and identify common themes—called
topics. These algorithms represent topics as collections of words that frequently
co-occur in documents. For example, words such as “climate”, “warming”, “emis-
sions”, and “greenhouse” might collectively represent the topic of climate change,
while terms like “algorithm”, “complexity”, “computation”, and “efficiency” might
correspond to computational theory. Topic modelling has been applied to various
fields including bioinformatics [10,11], medicine [14], law [41] and text summari-
sation [16,21,36].

The landscape of topic modelling has evolved significantly over the past two
decades. Traditional probabilistic approaches like Latent Dirichlet Allocation
(LDA) [6,7] modelled documents as mixtures of topics, where each topic repre-
sented a probability distribution over words. Concurrently, matrix factorisation
methods such as Non-negative Matrix Factorisation (NMF) [31] approached the
problem by decomposing term-document matrices into lower-dimensional rep-
resentations. Despite their theoretical elegance and widespread adoption, these
classical methods suffered from limitations in capturing semantic relationships
beyond word co-occurrence statistics. The emergence of neural topic models
[34,48] addressed some of these shortcomings by leveraging neural networks to
learn more expressive document representations.

This evolution culminated in Contextual Topic Modelling (CTM) algorithms
[3,4]. They represent a subclass of topic models that have emerged from the
recent Large Language Model (LLM) revolution [15,42,51,52]. These models
use information, typically in the form of embeddings from LLMs, to enhance
their performance. Such embeddings have been demonstrated to encapsulate a
plethora of semantic information [9,19,45], providing contextual understanding
that traditional topic models lack. This additional semantic richness enables
CTMs to better capture nuanced relationships between words and documents,
potentially leading to more coherent and interpretable topics.

Recent literature reveals numerous CTM approaches [2,27,46,53,54]. Typi-
cally when a new CTM is introduced in literature, a publication will outline how
the novel algorithm works. This is usually followed by an empirical investigation
into its performance on selected datasets, comparing it to existing approaches.
Almost always, the results show that the proposed algorithm outperforms its
competitors on all or nearly all datasets across multiple performance metrics.
We found this consistent pattern of novel models always outperforming com-
petitors particularly noteworthy and worthy of further investigation.

Our research aims to understand this phenomenon by addressing a funda-
mental question: Is each successive topic model genuinely superior to its pre-
decessors, or is the situation more nuanced than the literature suggests? To
answer this, we contribute a comprehensive evaluation framework consisting of
ten diverse datasets, eleven topic modelling algorithms, and four performance



metrics. We believe that employing this broader set of datasets, algorithms, and
metrics—coupled with the impartial nature of our assessment—will bring a fresh
perspective to the realm of CTMs. This approach allows us to examine whether
performance advantages are consistent across different contexts or whether they
are sensitive to specific data characteristics or evaluation criteria.

2 Topic modelling

This section outlines background information on topic modelling algorithms and
topic model performance metrics.

2.1 Overview of topic modelling algorithms

Topic modelling algorithms have evolved significantly over the past three decades,
with each advancement enhancing our ability to understand and automatically
represent textual content. This section traces the development of topic models
with particular focus on contextualised approaches that make use of LLMs.

The foundation of modern topic modelling was established with Latent Se-
mantic Indexing (LSI) [13], which represented documents as vectors and ap-
plied singular value decomposition to extract topics. While pioneering, LSI pro-
duced topics that lacked interpretability. This limitation was addressed through
Non-negative Matrix Factorisation (NMF) [31], which created more interpretable
topic-word associations by factorising the document-term matrix into document-
topic and topic-word matrices.

A crucial advancement came with probabilistic LSI (pLSI) [22], which re-
framed topic modelling from a generative perspective. pLSI conceptualised doc-
uments as multinomial distributions over topics and topics as multinomial dis-
tributions over words. Despite this innovation, pLSI struggled with scalability
and could not effectively model new documents outside the training corpus.

These challenges were resolved with Latent Dirichlet Allocation (LDA) [6,7],
which introduced a hierarchical structure where document-topic vectors were
drawn from a Dirichlet distribution. This approach not only addressed scalability
but also enabled modelling of previously unseen documents, making LDA the
cornerstone for subsequent developments in the field.

The success of LDA prompted numerous extensions: correlated topic mod-
els [5] captured relationships between topics, the Pachinko allocation model
integrated word-level correlations [32], multilingual adaptations enabled cross-
language analysis [55], and specialised approaches were developed for short doc-
uments like social media posts [37]. Another noteworthy development was the
introduction of fuzzy clustering techniques [24], which allowed documents partial
membership in multiple clusters and demonstrated performance improvements
over standard LDA.

A significant paradigm shift occurred with the emergence of neural topic mod-
els, which leveraged neural networks to transform complex inference problems



into optimisation tasks. Variational Autoencoders (VAEs) [28] proved instrumen-
tal in addressing inference challenges in generative models with latent spaces.
Unlike standard autoencoders that compress input into lower-dimensional vec-
tors, VAEs output parameters for probability distributions, enabling more so-
phisticated data representations.

Building on the VAE framework, the neural variational document model [35]
was specifically adapted for topic modelling, using bag-of-words input for the en-
coder and generating softmax distributions across the vocabulary. Later refine-
ments incorporated various distribution types [34] and adaptations for improved
topic coherence [17].

ProdLDA [48] further improved neural topic modelling through three key in-
novations: eliminating discrete variables that complicate neural network training,
employing a variational distribution approximating the Dirichlet distribution,
and incorporating dropout layers for improved model robustness and generali-
sation capabilities.

A fundamental limitation of aforementioned topic models lies in their treat-
ment of words as discrete symbols without semantic understanding. Words like
"bank" are treated identically regardless of context (e.g., "river bank" versus
"bank robber"). Contextualised topic models address this limitation by leverag-
ing embeddings from LLMs, which capture rich word semantics and contextual
nuances.

Language models serve as AI systems specialised in understanding and gen-
erating human language [44]. These deep neural networks learn language by
training on vast text corpora, encoding semantic knowledge within their weights
and connections [15]. This knowledge enables contextually relevant text process-
ing and generation [40,42].

The transformer architecture [52] revolutionised language modelling through
self-attention mechanisms, allowing each word to dynamically weigh its impor-
tance relative to others in a sentence. This innovation facilitated the development
of powerful LLMs, including BERT [15], GPT [42], PaLM [12], and Llama [51],
each advancing the state of the art through architectural improvements or en-
hanced training methodologies.

The knowledge embedded in these models becomes accessible through net-
work activations, particularly as embeddings that condense linguistic entities
into numerical vectors [39]. These embeddings relate words based on contex-
tual usage, enabling semantic similarity assessments and sophisticated Natural
Language Processing (NLP) tasks.

Contextualised topic models use these LLM embeddings to generate more
semantically coherent and contextually relevant topics. Bianchi et al. [4,3] de-
veloped ZeroShotTM and CombinedTM by adapting ProdLDA to use LLM em-
beddings. ZeroShotTM substitutes traditional representations with SBERT em-
beddings, enabling multilingual topic modelling capabilities. CombinedTM con-
catenates LLM embeddings with bag-of-words representations, leveraging both
contextual understanding and explicit word frequency information.



For short-text analysis, particularly challenging due to limited content, Akash
et al. [1] make use of an innovative approach that uses GPT-2 to extend text
length before applying topic modelling techniques. Social media analysis has
been enhanced by incorporating variational inference into adapted LDA models,
generating both topic vectors and user vectors to understand preferences [33].

Sia et al. [46] proposed another method that uses clustered BERT word em-
beddings to form topic-word associations. Their method was improved by Groo-
tendorst [20] in the BERTopic algorithm. BERTopic makes use of SBERT and
establishes document-topic relationships through incorporating dimensionality
reduction, to optimise clustering, which allows identification of significant words
within clusters.

MPTopic [54] adopts a similar framework to BERTopic but uses MPNet [47]
instead of SBERT. The approach of generating embeddings, reducing dimen-
sionality, and applying clustering has been systematically evaluated [18], with
findings confirming BERTopic’s methodology as particularly effective.

Kardos et al. [25] introduced S3, a signal processing approach that decom-
poses semantic embeddings to identify distinct topical signals. S3 uses indepen-
dent component analysis to separate semantic signals from document embed-
dings. They also introduce GMM, a probabilistic clustering approach applied
to contextualised embeddings, incorporating optional PCA dimensionality re-
duction and Dirichlet priors [25]. Kristensen-McLachlan et al. [29] also make
use of a decompositon approach in KeyNMF. They use NMF to decompose a
document-word similarity matrix.

The evolution from traditional to contextualised topic models demonstrates
the field’s continuous integration of advances in natural language processing. By
leveraging the semantic richness of pre-trained language models, contextualised
approaches enable more nuanced analysis of textual content across diverse do-
mains and applications, more closely approximating human understanding of
language and meaning.

2.2 Performance metrics

Measuring the performance of topic models is important for assessing their abil-
ity to extract meaningful and coherent themes from text data. This evaluation
is challenging due to the unsupervised nature of the task. A primary focus is
topic coherence, which gauges the semantic interpretability of words within a
single topic. Traditional metrics like Normalised Pointwise Mutual Information
(NPMI) [8] assess coherence by checking word co-occurrence in external corpora.
However, NPMI can be computationally expensive and its alignment with human
judgment is debated [23,30]. These limitations have spurred the development of
alternative approaches, particularly those using word embeddings.

Word embedding-based coherence metrics, such as Word Embedding-based
Centroid Similarity (WECS) [49], creates a weighted vector for each topic based
on its word probabilities and embeddings, then measures similarity between
these topic vectors; high inter-topic similarity implies low model diversity. Word
Embedding-Based Pairwise Similarity (WEPS) [49] also known as Embedding



Coherence (COH) [50], offers a way to capture semantic relationships more di-
rectly. WEPS calculates the average pairwise similarity (e.g., cosine similarity)
between the vector representations of the top words within a topic. Such metrics
can potentially operate in multilingual contexts if appropriate embeddings are
used, offering an advantage over traditional co-occurrence measures.

Thielmann et al. [50] propose intruder-based metrics, such as Intruder Shift
(ISH) to evaluate coherence and diversity by assessing the impact or identifia-
bility of an "intruder" word introduced into a topic. ISH works by calculating
a topic centroid like WECS, then a single word is replaced with a word from
another topic known as an intruder word. The centroid is recalculated and the
cosine similarity between the original and new centroid is computed. A high
similarity indicates that the intruder word did not significantly alter the topic’s
semantic representation, suggesting that the topic is less diverse or coherent.
These newer approaches aim to provide a more nuanced understanding of topic
model quality, particularly for models that might generate more abstract or novel
thematic representations.

3 Experimental setup

This study presents a comprehensive evaluation of topic modelling approaches
across multiple datasets and performance metrics. The experimental framework
consists of a systematic pipeline encompassing data ingestion, preprocessing,
feature extraction, model training, and evaluation.

3.1 Models

Eight distinct topic modelling algorithms were evaluated in this study, represent-
ing different methodological approaches to topic discovery. The implementation
details and configurations for each model are listed below.

1. LDA: Used Gensim’s [43] multicore implementation with 4 workers
2. NMF: Used scikit-learn’s [38] NMF implementation with nonnegative double

singular value decomposition initialisation and 200 max iterations
3. ZeroShotTM: Used the Turftopic [25] implementation with a batch size of

32,000 and OpenAI’s text-embedding-3-small model for embeddings
4. ZeroShotTM-sbert: Used the same implementation as ZeroShotTM, but used

paraphrase-multilingual-MiniLM-L12-v2 embedding model from SBERT [44]
instead of OpenAI embeddings

5. CombinedTM: Used the Turftopic [25] implementation with a batch size of
4,000 and OpenAI embeddings

6. CombinedTM-sbert: Used the same implementation as CombinedTM, but
with SBERT embeddings

7. BERTopic: Used the Turftopic [25] implementation and the default pipeline
configuration with OpenAI embeddings

8. BERTopic-sbert: Used the same implementation as BERTopic, but with
SBERT embeddings



9. Gaussian Mixture Model (GMM): Used the Turftopic [25] implementation
with the paraphrase-multilingual-MiniLM-L12-v2 embedding model from
SBERT [44]

10. KeyNMF: Used the Turftopic [25] implementation with the paraphrase-
multilingual-MiniLM-L12-v2 embedding model from SBERT [44]

11. S3: Used the Turftopic [25] implementation with the paraphrase-multilingual-
MiniLM-L12-v2 embedding model from SBERT [44]

Each model was run 10 times per corpus–topic configuration to ensure sta-
tistical reliability, with topic numbers ranging from 10 to 200 topics (10, 20, 50,
100, 200). Each dataset–topic number combination is considered to be its own
problem instance.

3.2 Datasets

Ten diverse text corpora were employed to evaluate model performance across
different domains and document characteristics:

1. 20 Newsgroups: A collection of approximately 20,000 newsgroup posts dis-
tributed across 20 discussion categories. Documents were preprocessed by
removing headers, footers, and quotes, with a vocabulary of 10,000 most
frequent terms and minimum document length of 5 words.

2. IMDB Movie Reviews: A sentiment analysis dataset containing movie re-
views with binary sentiment labels. The corpus was processed with stricter
filtering criteria, requiring minimum 150 words per document and using
15,000 vocabulary terms to capture domain-specific language patterns.

3. Wikipedia Sample: A curated collection of Wikipedia articles, utilising 20,000
vocabulary terms with minimum 10 words per document to ensure content
richness.

4. TREC Questions: A question classification dataset containing questions cat-
egorised into semantic types. Due to the short nature of questions, minimal
filtering was applied (2 words minimum) with 5,000 vocabulary terms.

5. Twitter Financial News: A specialised corpus of financial news tweets, pro-
cessed with 8,000 vocabulary terms and minimum 3 words per document to
accommodate the concise nature of social media content.

6. PubMed MultiLabel: A dataset comprising scientific paper abstracts from
PubMed, used for multi-label text classification.

7. Patent Classification: A dataset consisting of patent abstracts, utilised for
patent classification tasks.

8. Goodreads Book Genres: A corpus of book descriptions from Goodreads,
used for genre classification.

9. Battery Abstracts: A collection of research paper abstracts related to battery
data, focusing on scientific text analysis.

10. T2-RAGBench ConvFinQA: A conversational financial question answering
dataset, designed for evaluating retrieval-augmented generation models in a
financial context.



All corpora underwent systematic preprocessing including tokenisation, low-
ercasing, stopword removal, lemmatisation, and vocabulary filtering based on
document frequency thresholds tailored to each dataset’s characteristics. Docu-
ment chunking was performed with a maximum token limit of 8,190 and 128 to
accommodate model input constraints for OpenAI and SBERT, respectively.

3.3 Performance metrics

Four evaluation metrics were employed to assess topic quality from different
perspectives: NPMI, WEPS, WECS and ISH. All metrics were computed for the
top 10 words per topic, and evaluations were performed systematically across
all model-corpus combinations. We report the negative ISH (NISH) to facilitate
comparison with other metrics, as this allows all metrics to share the same
maximum direction (i.e. higher is better).

4 Results and discussion

Running the eleven algorithms on the ten datasets for each of the five topic
numbers for ten repeats resulted in a total of 5,500 model runs. This is signifi-
cantly more than other experiments in literature [3,4,6,7,20,25]. The runs were
then evaluated using the four performance metrics, resulting in a total of 22,000
metric evaluations. This section presents different views of the results tensor:
11 algorithms× 50 problem instances× 4 metrics× 10 independant runs, where
50 problem instances = 10 datasets × 5 number of topics. Since the results are
of too high dimensionality to be presented in a single table, we present the re-
sults through four complementary analyses that collectively reveal the nuanced
nature of algorithm performance.

Table 1 presents the overall performance of each algorithm across all problem
instances and metrics. While this summary view provides a convenient rank-
ing of algorithms, it fundamentally obscures the nuanced performance patterns
that emerge when examining individual problem instances. The table shows
that different algorithms excel at different metrics. However, this aggregate view
masks the reality that algorithm performance varies significantly across differ-
ent datasets and topic numbers, losing critical information about when and why
specific algorithms perform better.

Figure 1 reveals a more nuanced picture through pairwise comparisons, show-
ing how many times each algorithm significantly outperforms another across all
50 problem instances. These heatmaps demonstrate that algorithmic dominance
is not uniform, and that different algorithms excel in different contexts. This
heterogeneous performance landscape suggests that no single algorithm consis-
tently dominates across all evaluation scenarios, indicating that the choice of
“best” algorithm depends heavily on the specific problem context and perfor-
mance criteria prioritised by the user.

When dealing with multiple performance metrics simultaneously, the concept
of optimality becomes more complex. In multi-objective optimisation, Pareto



Table 1. Overall performance summary for each performance metric. Bold indicates
statistically significant best performer(s), underlined indicates statistically significant
second-best performer(s) (Mann-Whitney U test, p < 0.05).

NPMI WEPS WECS NISH

LDA -0.047 ± 0.255 -0.119 ± 0.026 -0.121 ± 0.024 0.146 ± 0.028
NMF 0.136 ± 0.191 -0.099 ± 0.018 -0.122 ± 0.023 0.145 ± 0.026
ZeroShotTM -0.011 ± 0.310 -0.093 ± 0.012 -0.105 ± 0.013 0.127 ± 0.016
ZeroShotTM-sbert 0.018 ± 0.302 -0.094 ± 0.011 -0.109 ± 0.016 0.131 ± 0.017
CombinedTM 0.019 ± 0.290 -0.097 ± 0.015 -0.111 ± 0.017 0.134 ± 0.020
CombinedTM-sbert 0.037 ± 0.274 -0.097 ± 0.015 -0.113 ± 0.018 0.136 ± 0.021
BERTopic 0.080 ± 0.223 -0.100 ± 0.015 -0.118 ± 0.019 0.141 ± 0.021
BERTopic-sbert 0.075 ± 0.224 -0.100 ± 0.014 -0.119 ± 0.018 0.142 ± 0.021
GMM 0.107 ± 0.242 -0.103 ± 0.017 -0.129 ± 0.024 0.152 ± 0.027
KeyNMF 0.083 ± 0.243 -0.088 ± 0.012 -0.116 ± 0.021 0.132 ± 0.021
S3 -0.173 ± 0.347 -0.084 ± 0.012 -0.113 ± 0.015 0.130 ± 0.017

dominance provides a principled framework for comparing solutions. Solution A
Pareto dominates Solution B if A is at least as good as B in all objectives and
strictly better in at least one objective. For example, say we are evaluating topic
models using three metrics, where higher is better for each metric. For Solution A
to Pareto dominate Solution B, two conditions must be satisfied:

1. Solution A must perform at least as well as Solution B across every single
metric.

2. Solution A must perform strictly better than Solution B in at least one
metric.

If Solution A performs worse than Solution B in even a single objective, then
A cannot Pareto dominate B, regardless of how much better it might perform
in other objectives. The set of all non-dominated solutions forms the Pareto
frontier, representing the optimal trade-offs between the competing objectives.
In the context of topic modelling, this means that a model is Pareto optimal if
no other model simultaneously achieves better performance across all metrics.

Figure 2 illustrates this concept by showing Pareto frontiers for different met-
ric pairs across all problem instances. The plots reveal that multiple algorithms
simultaneously occupy the Pareto frontier, with each offering distinct trade-offs
between objectives. This visualisation demonstrates that once we move beyond
single-metric evaluation, the notion of a single “best” algorithm becomes mean-
ingless. Instead, we must consider which trade-offs align with our priorities. This
exemplifies how different algorithms can be simultaneously optimal depending
on the relative importance a user places on different performance aspects.

Table 2 presents a systematic analysis of Pareto optimality across all 50 prob-
lem instances using all four metrics simultaneously. Remarkably, the results show
that in 42 out of 50 problem instances (84%), all algorithms are Pareto optimal.
This striking finding indicates that across the vast majority of evaluation sce-
narios, every algorithm offers a unique combination of strengths and weaknesses



that cannot be dominated by any other algorithm. Even in the 8 instances where
some algorithms are dominated, the number of dominated algorithms is minimal
(1-3 out of 11), suggesting that most algorithms contribute meaningfully to the
Pareto frontier.

Table 2. Number of non-Pareto optimal models for each dataset-topic combination.
Pareto optimality calculated using all four metrics (NPMI, WEPS, WECS, NISH).

Number of topics
Dataset 10 20 50 100 200

battery-abstracts 1 1 0 2 0
goodreads-bookgenres 0 0 0 0 0
imdb-reviews 0 0 0 0 0
newsgroups 0 0 0 2 0
patent-classification 0 0 0 0 0
pubmed-multilabel 0 0 0 0 0
t2-ragbench-convfinqa 1 1 0 1 3
trec-questions 0 0 0 0 0
twitter-financial-news 1 0 1 0 0
wikipedia-sample 0 0 0 0 0

This comprehensive analysis provides compelling evidence that the topic
modelling performance landscape is characterised by fundamental trade-offs rather
than clear hierarchies. The pervasive presence of multiple algorithms on the
Pareto frontier demonstrates that different algorithms excel under different con-
ditions and evaluation criteria, making the question “which algorithm is best?”
fundamentally unanswerable without additional context about user priorities
and problem characteristics.

The results presented above collectively demonstrate what is known in the
algorithmic literature as performance complementarity [26]. This phenomenon,
observed across numerous computational domains, describes the situation where
different algorithms perform optimally on different types of problem instances,
with no single algorithm dominating across all scenarios. As noted by Kerschke
et al. [26], this complementarity has been observed for practically all NP-hard
decision and optimisation problems, including propositional satisfiability, con-
straint satisfaction, planning and scheduling problems, and many others.

Our evaluation reveals that contextual topic modelling exhibits clear perfor-
mance complementarity. The evidence supporting this conclusion includes: (1)
the aggregate performance table showing different algorithms excelling at differ-
ent metrics, (2) the pairwise dominance heatmaps revealing heterogeneous win-
ning patterns across problem instances, (3) the Pareto frontier analysis demon-
strating that multiple algorithms simultaneously represent optimal trade-offs,
and (4) the comprehensive Pareto analysis showing that most algorithms re-
main non-dominated even when considering all metrics simultaneously.
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5 Conclusion

This study addresses the fundamental question of which contextual topic mod-
elling algorithm is best through a comprehensive empirical evaluation of eleven
algorithms across ten datasets, five numbers of topics, and four performance
metrics. Our findings reveal that the answer to this question is more nuanced
than the literature suggests.

Rather than identifying a single superior algorithm, our results demonstrate
clear evidence of performance complementarity in contextual topic modelling.
The most striking finding is that in 84% of problem instances, all algorithms
are Pareto optimal when considering all four metrics simultaneously, indicating
that each algorithm offers a unique combination of strengths that cannot be
dominated by others. The results also indicate that the field should focus on un-
derstanding when and why different algorithms perform well, potentially leading
to algorithm selection strategies that match algorithms to problem characteris-
tics. Furthermore, these findings suggest that the common practice in literature
of proposing new algorithms that “outperform” existing ones may be misleading,
since what appears to be superiority may simply reflect performance complemen-
tarity across different evaluation scenarios. A more honest and comprehensive
evaluation, as presented here, reveals the existence of algorithmic performance
in topic modelling.

The practical implications are equally important. For practitioners, our find-
ings indicate that algorithm selection should be guided by specific problem char-
acteristics and performance priorities rather than blanket recommendations. Dif-
ferent algorithms offer different trade-offs between coherence measures (NPMI,
WEPS, WECS) and diversity (ISH), and the optimal choice depends on the
relative importance a user places on these different aspects of topic quality.

Our study contributes to the growing recognition that performance comple-
mentarity is a fundamental characteristic of computational problems, extending
this understanding to the domain of contextual topic modelling. This work pro-
vides a foundation for future research into algorithm selection strategies that can
automatically match algorithms to problem characteristics, potentially leading
to more robust and reliable topic modelling in practice.

Future research should explore the development of algorithm selection frame-
works that can predict which algorithm will perform best for a given dataset
and evaluation criterion combination. Additionally, investigating the underlying
problem characteristics that drive performance complementarity could provide
deeper insights into when and why different algorithms excel. Finally, the com-
prehensive evaluation framework developed in this study can serve as a bench-
mark for future topic modelling research, encouraging more honest and complete
performance assessments.
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