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Abstract: Periodontics is a complex field characterized by a constantly growing body of research, posing a
challenge for researchers and stakeholders striving to stay abreast of its evolving literature. Traditional
bibliometric surveys, while accurate, are labor-intensive and not scalable to meet the demands of such rapidly
expanding domains. The aim of this study was to explore the uses of a topic-modeling algorithm to investigate
the structure of the periodontics research field. To this purpose, we employed BERTopic to automatically sift
through a substantial corpus of periodontics manuscripts published in MEDLINE from 2009 to 2024 and
identify topics using two sets of settings, to get a broader and high detailed view of the field, respectively.
BERTopic identified and categorized 31 topics, unveiling the internal structure and the relations between
publication macroareas. When we used the high granularity settings, we identified 2428 topics, which revealed
hotspots within the field. Specific regression highlighted novel research areas such as artificial intelligence and
exosomes. In conclusion, BERTopic offers a flexible tool to provide insights into periodontics, its most recent
trends, and serve as a useful instrument to approach the field and direct future research.

Keywords: periodontics; trending topics; natural language processing; deep learning; artificial intelligence

1. Introduction

Periodontics is a discipline that aims at preserving - and possibly restoring - the integrity of the
supporting structures of the teeth [1]. This specialized branch of dentistry operates at the crossroad
of various scientific fields, including oral medicine, oral surgery and tissue regeneration [2]. Drawing
knowledge and techniques from such diverse areas, periodontics has to rely on multidisciplinary
approaches to address the intricate pathophysiology of periodontal tissues [3].

The field of periodontics finds itself amidst a rapid evolution, marked by a significant inflation
in its scientific literature over the past decade [4]. This surge, while indicative of progress, also
presents a formidable challenge to scholars— the sheer volume of published articles makes the task
of retrieving pertinent information and staying abreast of cutting-edge innovations increasingly
challenging [5]. This hyperpublication trend, however, mirrors a similar phenomenon that is
occurring across all medical disciplines [6], fueled by a multitude of factors that include, besides
scientific advancements, a surge in the global scientific community, career incentives toward
publication, and the emergence of novel publishing models that support these hypertrophic
publishing habits [7].

Investigating such a dynamic and expansive terrain entails then understanding evolving
research themes, and the trends that are animating the scientific community. Narrative reviews are
and are presumably going to remain — in the foreseeable future - the prime tool to get an overview of
any specific topic in the field, but new methods are required to understand the epistemic structure of
this whole area of science. Traditional search methodologies, such as manual searches on peer-
reviewed journals or popular databases like MEDLINE [8], risk to become less effective when used
alone against this overwhelming volume of information traffic, or, using an effective expression by
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A. Appadurai, against such a hectic infoscape [9]. Automated procedures, on the other hand, e.g.
those relying on topic modeling, represent a useful tool for a more comprehensive analysis of the
scientific output [10].

Topic modeling is a machine learning task that consists in extracting the subject (the ‘about’)
from unlabelled documents [11], i.e., in our case, scientific articles. This allows to automatically screen
large datasets of publications, classifying them according to their topics, which could even be useful
for faster identifications of articles of interest [12,13]. While various quantitative methods have been
employed for this task in the past [14], recent advancements in deep learning, particularly the use of
embeddings, have opened new frontiers in neural approaches to topic modeling [15]. Deep learning
models, trained on extensive corpora, assign vectorial representations to words or even sentences
based on contextual proximity, yielding dense embeddings that encapsulate semantic similarities to
hitherto unattained levels of performance [16].

To try an analysis of the — quite intricate - periodontics field, its most relevant lines of research
and their diachronic development, the present investigation relied on BERTopic, an advanced
algorithm implemented by Grootendorst in 2022 [17], leveraging BERT (Bidirectional Encoder
Representations from Transformers) embeddings. BERT, introduced by Google in 2018 [18], is built
around the mechanism of attention, and has been quickly able to surpass previous embedding
algorithms - e.g. Word2vec [19] or Glove [20] - in several tasks [21,22]. To improve the quality of the
topic representation in terms of human readability, we used the OpenHermes-2.5-Mistral Large
Language Model, a form of artificial intelligence that is capable of expressing the topic as a brief
phrase, instead of chaining a few representative keywords into a topic label, as BERTopic would do
by default [23-25].

The purpose of this study is therefore to use topic modeling to map out the past and current
research pursuits in periodontics, to identify prevailing trends, and contribute to a more profound
understanding of this very dynamic field. The overarching goal of our investigation is to provide a
tool to dynamically monitor a whole field of dental research, which could prove very useful in
directing novel research efforts and allocating resources to promising new areas.

2. Materials and Methods

2.1. Dataset

The production, manipulation, and examination of data were executed utilizing Google Colab
Pro notebooks powered by Python 3.10.12 [26] and running on a T4 GPU [27]. The compilation of the
corpus was achieved employing the Biopython library [28] through a query-driven exploration of
MEDLINE facilitated by the Entrez.esearch function. The query utilized for this exploration was:

periodont*[All Fields] OR parodont[All Fields] OR periodont*[MeSH Terms]

To obtain the data we needed, we implemented an iterative process through Entrez.efetch
spanning publication years from 2009 to 2024, and, within each year, querying the database month
by month. We thus retrieved PubMed ID (PMID), title, publication year, authors, abstract, and Mesh
keywords for all publications, and organized them into a structured pandas dataframe [29].

The analysis of the publications was conducted on their titles. Our decision to place a primary
focus on titles stemmed from the recognition that they serve as succinct and concentrated summaries
[30]. Authors intentionally craft titles to encapsulate the core theme or essence of their work, making
them useful to capture the fundamental topics of each publication [31].

2.2. Data Analysis

The dataset we retrieved from MEDLINE underwent only minimal preprocessing, mainly
removing entries without titles. Unlike previous publications, we did not lowercase the titles [32].
Notably, stopwords—common grammatical words devoid of semantic meaning —were intentionally
retained to leverage BERTopic's advanced capability in creating contextual embeddings [33].
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Embeddings, within natural language processing, are dense vectors that encapsulate the
semantic meaning of words within a multidimensional space [34]. Unlike previous embedding
algorithms such as word2vec [35], BERT (Bidirectional Encoder Representations from Transformers)
can discern the context of a word and generate distinct embeddings for a term based on its contextual
meaning [36,37]. This sophistication is particularly useful to understand the - often nuanced -
semantics of titles.

Subsequently, we relied on BERTopic to generate a comprehensive list of topics from the titles
of publications in the dataset. BERTopic comprises a series of steps that include transformer
embedding models, dimensionality reduction, clustering, and cluster tagging through cTF-IDF [29].
BERTopic can accommodate a wide range of embedding models, and for this study, we selected
Huggingface’s ‘all-mpnet-base-v2’, which is a freely available model pre-trained on a corpus of over
1 billion token pairs, which we previously used on biomedical datasets [38].

As these embedding models are multidimensional, they need to undergo a dimensionality
reduction algorithm, for more efficient clustering. We relied on UMAP (Uniform Manifold
Approximation and Projection), which is based on mathematical concepts from topology [39], by
constructing a high-dimensional graph representing the original data, and then optimizing the layout
of this graph in lower-dimensional space. Documents were then clustered with HDBSCAN
(Hierarchical Density-Based Spatial Clustering of Applications with Noise), which was applied to
detect areas of higher semantic density in the meaning space, creating clusters (and thus topics) in an
unsupervised fashion [40]. cTf-Idf was then applied to highlight topic keywords of higher saliency in
the cluster. Tf-Idf, a well-known algorithm in computational linguistics, is commonly used to
generate document vectors by increasing the weight given to specific words and smoothing the
importance of very common words, such as grammatical words [41]. cTf-Idf differs from Tf-Idf as it
is weighted by the term frequency in a cluster of documents rather than in a single document [42].

BERTopic allows for topic fine tuning, through the use of additional representation models, and
we adopted the KeyBERT and Maximal Marginal Relevance (MMR) models. KeyBERT is an
algorithm developed by Maarten Grootendorst — BERTopic’s creator — that uses the transformers
library to extract keywords efficiently [43]. Briefly, once the documents to analyze have been
embedded using a pre-trained BERT model, keywords and n-grams are extracted from them using
Bag of Words approaches (such as Tf-Idf) [44], embedded too, and then the similarity between the
document embeddings and the keyword embeddings is compared and the keywords with the
highest degree of similarity are selected. The MMR model is designed to select appropriate keywords
with higher overall diversity [45].

2.3. LLM labeling

We also used the OpenHermes-2.5-Mistral Large Language Model [46] to generate more
readable labels for the topics, instead of a sequence of keywords. A large language model (LLM) is a
form of artificial intelligence engineered to understand, interpret, and produce human language in a
manner that is coherent, contextually appropriate, and similar to human-like responses [47]. As these
models are often quite massive and require a vast use of computational resources, more recently,
quantized LLMs have appeared [48] and we chose the OpenHermes-2.5-Mistral-7B-
GGUF/openhermes-2.5-mistral-7b.Q4_K_M.gguf quantization, freely available on Huggingface.com.
With quantization, the set of values of a model’s parameters are mapped to a smaller set, in our case
32-bit parameters are reduced to 4 bit parameters, with a relatively small loss of performance [49]. To
work, LLMs need a prompt, or input from the users [50]. This prompt acts as a starting point for the
model to generate relevant text based on the information provided. We set the following prompt:

0y

I have a topic that contains the following documents:

[DOCUMENTS]

The topic is described by the following keywords: '[KEYWORDS]'.

Based on the above information, can you give a short label of the topic of at most 5 words?

A:
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Stopwords were subsequently removed, but only after topic creation, using the sklearn
Countvectorizer function [51].

To get an overview of the structure of periodontal research, after some manual tuning, we
decided to use the following set-up for UMAP dimensionality reduction and HDBSCAN clustering;:

- UMAP metric: cosine distance;

- size of the neighborhood: 25;

- number of components: 10;

- HDBSCAN clustering metric: Euclidean;

- minimum cluster size: 250.

To get a high granularity insight into periodontics topics, we changed BERTopic parameters as
follows:

- UMAP metric: cosine distance;

- size of the neighborhood: 25;

- number of components: 5;

- HDBSCAN clustering metric: Euclidean;

- minimum cluster size: 5.

Data were visualized using BERTopic’s inbuilt functions, and the matplotlib [52] and seaborn
libraries [53]. The chordplot was created using the bokeh library and the chord library by Holoviews
[54]. To investigate trends in research topics, we applied a linear regression model through the scipy
Linregress library [55], with the publication year in different time intervals as the independent
variable and the number of papers in a given topic as the dependent variable. The slope was
considered an indicator of how quickly the number of papers belonging to a given topic rose in the
time interval.

3. Results

3.1 Low granularity analysis — setting the stage

The generated dataset comprised 93971 articles published from 2009 to 2024. We analyzed the
articles published in 2024 separately, because the number of published papers was not comparable
to that of the preceding years. Unsurprisingly, the distribution of papers over the years showed a
progressive increase in the number of publications in the field (Fig. 1), which corresponds to what is
generally known about the life science and biomedical sectors.

Topic modeling algorithms can be tuned by operators using many parameters, which affect the
number of topics the system can identify. To get a macroscopic overview of the research space in
periodontics, we first set the minimum cluster size at n=250, which means that the HDBSCAN
clustering step only identified density areas of at least 250 papers as a distinct group. With these
settings, BERTopic identified 31 low granularity topics (Supplementary Table 1). Each topic was
indicated by an integer number from 0 to 29, including a “-1” null topic, where all the unclassified
documents were collected. This group alone contained 43271 titles, which is almost half of the total
number of papers. Far from representing a failure of the algorithm, this high number of unclassified
papers is the direct consequence of setting such a high threshold for clusters, i.e. it means that these
43271 articles did not contain topics that consisted of at least 250 manuscripts.
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Figure 1. Histogram representing the distribution of publications in the analyzed corpus. As the
database search was conducted at the beginning of 2024, the number of publications for this period
was remarkably lower than the preceding years.

As a default, BERTopic creates document clusters based on the similarity in their embedding
representations and uses the four most frequent keywords that are found in each cluster to describe
them, and this then constitutes a topic. Besides this crude method, we included additional topic
representations obtained by applying the KeyBERT algorithm to improve keyword quality, the MMR
algorithms that is used to increase keyword diversity, thus possibly capturing more nuances of the
topic, and the LLM label, whose purpose is to get a more immediate, comprehensive, and overall
‘human’ description of the topic (Supplementary Table 1).

The most common topic (indicated as #0) refers, probably unsurprisingly so, to periodontal
regeneration and stem cells (#0 Periodontal Stem Cells Regeneration), while topic #1 Peri-Implant
Soft Tissue Stability revolves around implants, an area that is admittedly only tangentially related to
periodontics (but close enough for the Pubmed search to pick it up and include it in the dataset we
used) , while #2 Oral Health & Quality of Life focuses on oral health and periodontal diseases. Simply
going through a ranking of topics, however, does not provide the kind of insight we were aiming to,
and we set off to investigate the topological structure of research topics in periodontics within the
semantic space. This is made possible by the very nature of embeddings, which, once properly
reduced to 2 dimensional vectors, can be used as cartesian coordinates.

3.2. Low magnification overview of the research landscape

Figures 2-5 illustrate the distribution of these low granularity topic clusters within a cartesian
semantic space, as identified by BERTopic low granularity settings, with their LLM labels. LLM was
preferred over BERTopic’s default labels in our iconography because it provides a more readable
rendering of the topics. Each topic in Fig. 2-5 is represented as a grey circle, and its size is
proportionate to the number of items it includes. The proximity of the circles indicates their semantic
closeness, with the distance between clusters reflecting topic divergence. Some topics appear to be
very closely related - even overlapping -, so that 4 main topic groupings or clusters can be identified
(Fig. 2A).
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Figure 2. A) Low-magnification view of the distribution of topics within the semantic space. Four
clusters can be identified by their spatial arrangement. B) High magnification view of the topics that
compose cluster #1. The main topic of this cluster is highlighted in red in both A) and B).

The first cluster (Fig. 2B) contains 7 topics, including a broad and vast one (#2 Oral Health &
Quality of Life, n=6649), about the epidemiology of periodontal diseases, as suggested by its
descriptor keywords:

KeyBERT ['periodontal health', 'oral health, 'periodontal diseases’, 'periodontal disease’,
'periodontitis’, 'periodontal therapy', 'dental care, 'periodontal, 'oral hygiene', 'aggressive
periodontitis'],

and as confirmed by browsing through the titles in this topic, e.g.

Disparities and social determinants of periodontal diseases [56],

Validity of individual self-report oral health measures in assessing periodontitis for causal research
applications [57],

Periodontal Health Knowledge and Oral Health-Related Quality of Life in Caribbean Adults [58]

This cluster contains also topics related to the prevention of periodontal disease, i.e. #23
Toothbrush Plaque Removal, which includes papers such as:

Effects of professional toothbrushing among patients with gingivitis [59],

and #28 Dentin Hypersensitivity Management, e.g.:

Effect of milk as a mouthwash on dentin hypersensitivity after non-surgical periodontal treatment [60]

This topic cluster further includes research on the effects of health conditions or habits on
periodontal disease, i.e. topics #25 HIV and Periodontal Disease, #19 COVID-19 and Dental Practice,
or #13 Smoking and Periodontal Disease.

Interestingly, this cluster of topics contains also topic #14 Periodontal disease and pregnancy
complications, which again has marked epidemiological traits, e.g.:

A Six-Month Single-Center Study in 2021 on Oral Manifestations during Pregnancy in Bhubaneswar,
India [61],

Unfavourable beliefs about oral health and safety of dental care during pregnancy: a systematic review
[62], or

Periodontal pathogens of the interdental microbiota in a 3 month pregnant population with an intact
periodontium [63]

Cluster 2 (Fig. 3A) contains 10 topics that are more closely related to surgery, surgical methods,
and its outcomes. A closer look at its topics (Fig. 3B) indicates that this topic cluster includes a vast
topic (n=7847) related to Peri-Implant soft tissues (#1 Peri-Implant Soft Tissue Stability). If we examine
its descriptors more carefully, it becomes apparent that LLM may have only partially captured the
nature of this topic, as its KeyBERT keywords are:

['implant placement’, 'dental implant’, 'dental implants’, 'implants placed’, 'immediate implant’,
'peri implant, "peri implantitis', 'ridge augmentation', 'alveolar ridge', 'implant supported'],
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Figure 3. A) Low-magnification view of the distribution of topics within the semantic space. Four
clusters can be identified by their spatial arrangement. B) High magnification view of the topics that
compose cluster #2. The main topic of this cluster is highlighted in red in both A) and B).

indicating that the articles of this topic unit are more generally related to implants and implant-
related challenges and not as focused on soft tissue stability as LLM suggested. A quick glance at
randomly chosen titles from this group confirm this impression, e.g.:

Predictive factors for the treatment success of peri-implantitis: a protocol for a prospective cohort study
[64],

Evaluation of Peri-Implant Parameters and Functional Outcome of Immediately Placed and Loaded
Mandibular Overdentures: A 5-year Follow-up Study [65],

Immediate implant placement into infected and noninfected extraction sockets: a pilot study [66].

It is thus less surprising that BERTopic identifies another closely associated topic, #15 Sinus
Augmentation, in the same cluster, together with #21 Titanium Surface Studies. This cluster also
comprises topic #7 Bond Strength of Dental Restorations, which is described with a surprisingly
specific label by LLM, though KeyBERT and MMR once again reveal a broader scope:

KeyBERT ['ceramic crowns', 'resin composites’, 'dental prostheses', 'composite resin', 'resin
, 'denture’, 'resins’, 'zirconia crowns', 'resin based']

MMR ['zirconia', 'resin’, 'composite’, 'ceramic’, 'restorations’, 'strength’, 'crowns', 'bond’, bond
strength’, 'adhesive']

1

composite', 'composite restorations

and title examination confirms this impression:

The use of zirconium and feldspathic porcelain in the management of the severely worn dentition: a case
report [67], or

Influence of hydrothermal aging on the shear bond strength of 3D printed denture-base resin to different
relining materials [68].

This topic, when considered as a whole, appears thus to contain mostly material-centered
reports.

This same cluster contains another substantial topic (#3 Giant Cell Granuloma Cases, n=3796),
which, despite the focus on giant cell granuloma, as highlighted in the LLM-generated description,
actually contains reports on a much vaster array of oral diseases:

KeyBERT ['cell granuloma', 'granuloma’, ‘pyogenic granuloma', 'gingival fibromatosis', 'cell
carcinoma’, 'ossifying fibroma', 'giant cell', 'squamous cell’, 'ameloblastoma’, 'gingival']

A representative selection of titles supports this view:

Diagnosis and management of exuberant palatal pyogenic granuloma in a systemically compromised
patient - Case report [69],

Radicular Cyst: A Cystic Lesion Involving the Hard Palate [70],

Management of Chronic Inflammatory Gingival Enlargement: A Short Review and Case Report.”, which
firmly situates this topic group in the Oral Surgery field [71].
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This at least partially explains why this topic is semantically close to #6 Cleft Lip and Palate
Treatment, as they are both eminently surgical topics. This topic cluster contains 5 additional topics
(#4 Antimicrobial Photodynamic Therapy with Diode Laser, #12 Gingival Recession Treatment, #9
Root Canal Therapy Outcomes, #29 Smile Esthetics, and #4 Cone Beam Computed Tomography
Applications), which are mostly centered on surgical approaches to periodontal tissue and tend to
concentrate in the right part of the diagram.
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Figure 4. A) Low-magnification view of the distribution of topics within the semantic space. Four
clusters can be identified by their spatial arrangement. B) High magnification view of the topics that
compose cluster #3. The same topic is highlighted in red in both A) and B).

Figure 4 shows the structure of the third low granularity topic cluster, which contains 5 topics,
broadly related to the microbiology of periodontal diseases (#6 Porphyromonas Gingivalis Effects,
#16 Periodontal pathogens and inflammation, #11 Oral Microbiome and Health), mouthwashes (#8
Chlorhexidine & herbal mouthwash), which are intuitively associated to the reduction of the
microbiological load, but also a more general topic on periodontal health and probiotics (#17
Probiotics Periodontal Health). This group too contains two closely related topics, #6 and #16, and,
judging by the LLM label alone, it could be assumed that topic #6 could be a subset of topic #16.

It is therefore once again necessary to investigate the content of these two topics by comparing
their keyword descriptors; topic #16 is characterized by the following keywords:

KeyBERT ['aggregatibacter actinomycetemcomitans', 'actinomycetemcomitans fusobacterium’,
'induced aggregatibacter’, 'actinomycetemcomitans leukotoxin', 'actinomycetemcomitans infection’,
'pathogen aggregatibacter', 'actinomyces', 'actinobacillus', 'actinomycosis', 'actinomycetemcomitans']

The great majority of these keywords revolve around one single bacterial species and would
suggest that this topic could be most aptly labelled after it. However, the MMR algorithm is
specifically designed to increase the diversity in the keywords used for the topic representation, and,
in this case, it yielded:

MMR ['aggregatibacter', 'actinomycetemcomitans’, 'aggregatibacter actinomycetemcomitans',
'fusobacterium’, 'nucleatum’, 'fusobacterium nucleatum’, 'prevotella’, jp2', 'leukotoxin’, 'serotype'].

MMR thus reveals that this topic contains what could be broadly considered as articles about
oral microbiology. A glance at a selection of titles for this group confirms that reports on
Aggregatibacter actinomycetemcomitans are indeed very numerous, but other bacterial species have
been investigated as well:

The prevalence of Fusobacterium nucleatum subspecies in the oral cavity stratifies by local health status
[72],

Bacteriome analysis of Aggregatibacter actinomycetemcomitans-JP2 genotype-associated Grade C
periodontitis in Moroccan adolescents [73],

The role of NLRP3 in regulating gingival epithelial cell responses evoked by Aggregatibacter
actinomycetemcomitans [74],
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Works on Porphyromonas Gingivalis are, on the contrary, decisively predominant in topic #6,
as in:

Gingival fibroblast activation by Porphyromonas gingivalis is driven by TLR2 and is independent of the
LPS-TLR4 axis [75], or

Emergence of Antibiotic-Resistant Porphyromonas gingivalis in United States Periodontitis Patients
[76].

Even the MMR algorithm does not detect any extra bacterial species among the keywords for
this group:

MMR ['porphyromonas’, 'porphyromonas gingivalis', 'gingivalis', 'lipopolysaccharide’,
'gingivalis lipopolysaccharide', 'cells’, 'induced’, 'human', 'expression’, 'response'].

A D2 B #20 Rheumatoid Arthritis and Periodontal Disease
o

@ $24 Periodontitis-CKD association
1 o

2 o O
#18 Periodontal-Cardiovascular #10 Diabetes and

Disease Link Periodontal Disease

D1

$#0 Periodontal Stem
Cells Regeneration

427 Bisphosphonate-related O

4
3 Osteonecrosis (<] #5 Antimicrobial Photodynamic
@ Therapy with Diode Laser

$26 VitaminD
and Periodontitis  ©

Figure 5. A) Low-magnification view of the distribution of topics within the semantic space. Four
clusters can be identified by their spatial arrangement. B) High magnification view of the topics that
compose cluster #4. The main topic of this cluster is highlighted in red in both A) and B).

Interestingly, works on P. Gingivalis have been clustered in a topic of their own, and do not thus
represent just another bacterial species in a larger microbiology group. This is most likely a
consequence of the extreme abundance of this literature (n=1792 in this dataset), which made possible
for BERTopic to create a topic just for these works, isolating them from the rest of the microbiological
literature (topic #16 comprises only 664 articles).

Figure 5 shows the last topic group, which mostly contains Periomedicine topics (#10 Diabetes
and Periodontal Disease, #18 Periodontal-Cardiovascular Disease Link, #20 Rheumatoid Arthritis
and Periodontal Disease) and topics centered on the association of periodontal disease with systemic
conditions (and possibly more specifically the effects of periodontal disease on systemic or diseases
or diseases localized in other regions of the organism), such as #24 Periodontitis-CKD association,
#27 Bisphosphonate-related Osteonecrosis, #26 Vitamin D and Periodontitis, but also, and maybe
unexpectedly, a very large topic #0 Periodontal Stem Cells Regeneration (n=11715!). At a closer
inspection, its keywords are as follows:

KeyBERT ['periodontal regeneration’, ‘periodontal tissue', 'human periodontal’, "‘periodontal
ligament', 'bone regeneration’, 'osteogenic differentiation’, 'stem cells', 'periodontal disease', 'stem
cell', 'tissue regeneration']

MMR ['cells', "‘periodontal’, 'stem’, 'stem cells', 'ligament’, 'periodontal ligament', 'bone’, human’,
'regeneration’, ‘periodontitis']

which confirms that this topic is mostly related to periodontal regeneration and its cellular basis.
Representative titles conform to this view:

Multipotent adult progenitor cells acquire periodontal ligament characteristics in vivo [77],

Nowvel gene-activated matrix with embedded chitosan/plasmid DNA nanoparticles encoding PDGF for
periodontal tissue engineering [78],
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Cementogenesis and the induction of periodontal tissue regeneration by the osteogenic proteins of the
transforming growth factor-beta superfamily [79],

although in vitro or wet lab subjects are also present in this group, as:

The spatial transcriptomic landscape of human gingiva in health and periodontitis [80], or

Emerging roles of exosomes in oral diseases progression [81].
It can be speculated that the focus on cellular and molecular mechanisms might have caused

BERTopic to cluster this topic in this otherwise differently oriented group.

3.3 Relations between low granularity topics
To gain deeper insights into how these research areas are related to each other, we ran a cosine

similarity check on embeddings of the titles in the dataset, after averaging them by topic, and we
identified all topics that exhibited a similarity >0.9.
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Figure 6. Chord plot representing semantic similarity between topics, calculated as the cosine
similarity between the means of the embeddings of the titles in a topic group.

We represented the associations as a chord plot in Figure 6, which visually represents how
papers in topic # Probiotics Periodontal Health on average unsurprisingly display a high degree of
similarity to papers in both topics #11 Oral Microbiome and Health and #8 Clorhexidine and herbal
mouthwash, given the strong accent on the microbiological dimension of periodontics. Similarly
intuitive is the association between topic #18 Periodontal-Cardiovascular disease link and both topics
#24 Periodontal-CKD association and #10 Diabetes and Periodontal disease, as they are all centered
on the link between periodontal health and systemic conditions. Papers in topic #23 Toothbrush
Plaque Removal display high similarities to papers in topic #2 Oral Health Quality of Life, while only
apparently surprising is the association between #9 Root Canal Therapy Outcomes and topic #4 Cone
Beam Computed Tomography Applications (which is also related to topic #1 Peri-Implant Soft Tissue
Stability), because topic #4 also includes radiographic studies, which focus on techniques that are

necessary to endodontics diagnosis.

3.4 Zooming in on research niches — increasing granularity
This low level of detail, however, is insufficient to provide useful insights into the development

of periodontal research, and it leaves many articles unclustered in the null topic group. To address
that, we changed the settings of the dimensionality reduction protocol, by making it more sensitive
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to the local context (UMAP n_neighbors=5) and we reduced the minimum acceptable cluster size in
the HDBSCAN algorithm to 5. As a result, we obtained 2552 topics, including a -1 null topic group
which now consisted of 27793 articles.

Table 1. List of the top 10 high granularity topics in the 2009-2023 period sorted by topic size (Count=
number of paper in the cluster). The table includes the degault label by BERTopic and the LLM-
generated label.

Topic Count Name LLM
0 1870 O_porphyromonas_porphyromonas gingivalis_gingivalis_gingivalis Periodontitis and
lipopolysaccharide Porphyromonas Gingivalis
1 899 1_sinus_maxillary sinus_sinus floor_floor Sinus Floor Elevation
742 2_pregnancy_birth_pregnant_preterm Periodontitis and Pregnancy
Outcomes
3 512 3_diabetes_glycemic_mellitus_diabetes mellitus Diabetes and Periodontal
Disease
4 449 4_covid_covid 19_19_pandemic COVID Dentistry
5 421 5_cleft_cleft lip_lip palate_palate Cleft Lip Nasoalveolar
Molding Treatment
6 420 6_gingival recession_recession_recessions_gingival recessions Gingival Recession
Treatment
7 418 7_aggregatibacter_actinomycetemcomitans_aggregatibacter Aggregatibacter
actinomycetemcomitans_jp2 Actinomycetemcomitans
8 400 8_toothbrush_toothbrushes_manual_powered Toothbrush Efficacy
9 353 9_peri implantitis_implantitis_implant diseases_peri Peri-Implant Diseases
Prevalence

Having so many topics makes a comprehensive analysis more difficult and poses some caveats.
If we increase the sensitivity of the algorithm to more subtle areas of semantic density, we risk picking
up local structures in the data that go beyond substantial differences in topics and may be generated
by e.g. lexical differences. Just at a brief visual inspection, it becomes apparent that exploding the
number of topics may lead to having very close topics, such as topic #13 Bisphosphonate-related
Osteonecrosis and topic #72 Osteonecrosis Medication Jaw. In such cases, comparing the descriptor
keywords may again help to understand whether BERTopic is picking up real differences or if it is
just noise. BERTopic does possess a function to merge desired topics, if the investigators deem it
necessary, but that, on the other hand, is also risky, as it may cancel subtle meaning nuances offered
by the algorithm.

To approach this problem systematically, we encoded the LLM tags with the all-mpnet-base-v2
sentence transformer model and we ran a cosine similarity check using the
util.community_detection() tool of the sentence_transformers library, with a threshold of 0.9, which
yielded a list of very similar LLM topics. After examining the topics and their KeyBERT keyword
descriptors, we decided that 85 mergings were appropriate and thus obtained 2428 new topics, plus
a -1 null topic. Table 1 shows the top 10 Topics by size with this higher granularity analysis after
merging, while Supplementary table 2 contains the list of the merged topics.

With these parameters, the largest topic of investigation by total number of publications is #0
Periodontitis and Porphyromonas Gingivalis, with 1870 articles, followed by #1 Sinus Floor Elevation
with 899 titles and #2 Periodontitis and Pregnancy Outcomes with 742 papers, which are topics that,
unsurprisingly, were already present in our previous low granularity analysis.

Instead of focusing on assessing the semantic structure of the whole dataset of 2428 topics, we
decided to investigate their evolution to identify research trends that allowed us to cast some lights
into the dynamics of the field. The number of topics increased progressively, from 1198 Topics in
2009 to 1745 topics in 2023 (Fig. S1), meaning that some topics have emerged in recent years, but also
that not all topics survived until 2023, because not all 2537 labelled topics are represented in 2023.
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3.5 A changing mosaic: the evolution of research topics

Most topics comprise articles that were published in the whole range of years from 2009 to 2023,
but some topics are very recent, and they only started to be investigated more recently than 2009, as
shown in Fig. 7A, which summarizes the number of topics that appeared by year.

1200
A as B -

1600

1000
1400
800 1200
. . 1000

5 600 5

8 8 so00
400 600
400

200
"

0 = ]

T 0
2010 2012 2014 2016 2018 2020 2012 2014 2016 2018 2020 2022
Year of appearance Year of disappearance

Figure 7. A) Histogram displaying the distribution of topics by the year of publication of their oldest
paper; B) Histogram displaying the distribution of topics by the year of publication of their last paper.

Table 2 summarizes the 12 most recent research areas that appeared in 2021 or 2020, as identified
by BERTopic. Topics #1438, #1440, and #167 (COVID Periodontitis, Mouse SARS-CoV- Infection
Models and Periodontitis COVID- Associations) are, unsurprisingly, among the youngest topics,
because their oldest papers date to 2020, when the COVID-19 pandemics appeared.

Table 2. List of the research areas appeared in 2021 and 2020, as identified by BERTopic.

Topic Year Name

2113 2021 Nanocurcumin Implant Healing

4 2020 COVID Dentistry

167 2020 Periodontitis COVID- Associations

1421 2020 Artificial Intelligence in Dentistry

1438 2020 COVID Periodontitis

1440 2020 Mouse SARS-CoV- Infection Models

1540 2020 Ferroptosis and Periodontitis: Research Progress
1846 2020 Submucosal injection for orthodontic acceleration
2212 2020 Mediterranean Diet and Gingival Health
2216 2020 Photobiomodulation in Orthodontics

Similarly, that same year, articles were first published on topic #1421 Artificial Intelligence in
Dentistry, #2212 Mediterranean Diet and Gingival Health, on topic #2216 Photobiomodulation in
Orthodontics, #1540 Ferroptosis and Periodontitis: Research Progress, #2348 NLRP inflammasome
role in bone diseases and vascular calcification, #2224 Oral health and work productivity in Japanese
workers but also on #1846 Submucosal injection for orthodontic acceleration. Some topics, however,

are even younger and appeared only in 2021, i.e. the implant-related #2113 Nanocurcumin Implant
Healing.
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Figure 8. Line chart tracking the number of papers published by year in the top 10 topics of our corpus,
identified by topic ID.

Similarly, some topics have been abandoned, over the year (Fig. 7B). The last papers of topic
#2119 Dentine Hypersensitivity Studies in China that BERTopic identified in our dataset date back to
2012, and BERTopic did not identify any article belonging to topic #1680 Fcgamma Receptors and
Periodontitis Polymorphisms, #2094 Nicotine-induced periodontitis, #2376 Periodontal wound
healing with thGDF after 2013. Over the years, most topics have exhibited some growth, although
with noticeable oscillations. Figure 8 shows the number of publications appeared in academic
journals and indexed in MEDLINE for the top 10 Topics of our dataset.

Topic #0 Periodontitis and Porphyromonas Gingivalis, and #1 Sinus Floor Elevation have
slightly but steadily grown in the analyzed time frame, and particularly so in the last 5 years, while
topic #2 Periodontitis and Pregnancy Outcomes has experienced a publication peak around 2013, has
then decreased, and only in the last few years has started to show some increase in number of
publications per year. Unsurprisingly, #4 COVID Dentistry has appeared only in 2020. Noticeably
however, it peaked in 2021 and has then experienced a downturn, with a strong decrement in the
number of publications in 2023. Other topics, e.g. #5 Cleft Lip or #7 Aggregatibacter
Actinomycetemcomitans have remained remarkably stable over the years.

3.6 Uncovering trends

To systematically examine publication trends in periodontal research over the whole dataset,
articles from 2009 to 2023 were analyzed for each topic. Linear regression was employed to find the
best-fitting model, with the slope of the equation representing the rate of growth for a specific topic.
This systematic approach provides valuable insights into the dynamic trajectories of various research
topics within the field of periodontics over the two-decade period.
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Figure 9. Scatter plots illustrating the publication trends in the A-C) 2009-2023 interval or in the D-F)
2019 to 2023 interval. The best-fitting line obtained by linear regression is also shown in the graphs.
Displayed topics are: A) #4 COVID Dentistry; B) #154 Deep Learning Dentistry Diagnosis; C) #102
Stem cell-derived exosomes for bone regeneration; D) #4 COVID Dentistry; E) #174 Al in Dentistry;
F) #21 Periodontitis-Alzheimers Disease.

Supplementary Table 3 shows the top 20 topics, sorted by their slope, in the 2009-2023 interval.
The exploration of COVID-19's impact stands out as the most rapidly expanding subject in
periodontics, evidenced by a steep slope of 11.87 (Pearson’s r = 0.79) and 449 associated papers
(Fig.9A). As already evidenced in Figure 8, however, the number of articled published in this field
peaked around the year 2021, and is now dropping; this slope value, therefore, should be interpreted
with due caution. Following closely is the domain of deep learning, #154 Deep Learning Dentistry
Diagnosis (Fig. 9B), comprising 71 papers, with a notable growth rate indicated by a slope of 4.97
(Pearson’s r = 0.91). BERTopic identified another A.L-related topic, which stands out for its rapid
growth, i.e. #174 Al in Dentistry (n=67).

The two topics are admittedly close, and we must refer to their descriptor keywords to get some
insights into their differences. As for #154 Deep Learning Dentistry Diagnosis we have the following
keywords:

KeyBERT ['detection periodontal’, 'prediction periodontal, 'dental imaging', 'tooth
segmentation', 'periodontitis deep’, 'classification dental’, 'automatic dental, 'lesions dentnet',
'learning dental’, 'deep convolutional']

Which indicates that this group is mostly composed by articles that investigate the use of
artificial neural network for image analysis in periodontitis, e.g.

A two-stage deep learning architecture for radiographic staging of periodontal bone loss [82]

For #174 Al in Dentistry, we have the following keywords:

KeyBERT ['intelligence dentistry', 'dentistry artificial, 'intelligence periodontal, 'dental
research’, 'intelligence dental', 'intelligence periodontology', 'dental diagnosis’, 'assisted dental’,
'dental monitoring', 'endodontics qualitative']

Which suggests the inclusion of more general manuscripts on the different applications of
artificial intelligence, such as e.g.

Artificial intelligence in dental education: ChatGPT’s performance on the periodontic in-service
examination [83]

Interestingly, the fifth most rapidly growing topic is again centered on the pandemics (#167
Periodontitis COVID- Associations) with a slope of 3.30 (Pearson’s r= 0.74).
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Another swiftly advancing topic is exosomes, with topic #102 Stem cell-derived exosomes for
bone regeneration (Fig.9C), a relatively recent area of interest with 96 papers and a slope of 3.70,
showcasing a strong correlation (Pearson’s r = 0.99). Topic #282 Extracellular Vesicle Regeneration is
also related to exosomes, though it forms a smaller niche of just 48 articles focused on the applications
of exosomes for therapy and it ranks 11th for fast growth. While employing a linear model for
regression offers simplicity, it may not fully capture the nuances in annual paper production over a
15-year interval, especially considering that many of the growing topics are younger. To address this,
we opted to delve into a shorter time interval for a comprehensive understanding of the evolving
trends.

Table 3. List of the top 20 topics in the 2019-2023 period sorted by slope of the linear regression of the
number of publications/year and the goodness of fit, measured by Pearson’s r.

Topic LLM Slope Pearson
4 COVID Dentistry 19.90 0.57
174 Al in Dentistry 7.70 0.93
21 Periodontitis-Alzheimers Disease 7.70 0.90
23 Probiotics and periodontal health 6.30 0.92
154 Deep Learning Dentistry Diagnosis 6.10 0.92
1 Sinus Floor Elevation 5.70 0.92
26 Gingival Thickness Assessment 5.10 0.95
6 Gingival Recession Treatment 5.00 0.88
2 Periodontitis and Pregnancy Outcomes 4.50 0.83
18 Subgingival Microbiome 4.30 0.68
102 Stem cell-derived exosomes for bone regeneration 4.20 0.99
1514 Comparison of mild pericoronitis treatments 4.00 0.99
53 Guided Implant Surgery Accuracy 4.00 0.84
0 Periodontitis and Porphyromonas Gingivalis 3.90 0.57
10 Oral Microbiome Analysis 3.70 0.65
557 Peri-Implantitis Biomarkers 3.60 0.97
519 Post COVID Mucormycosis 3.50 0.99
17 Medicinal Plant Extracts for Oral Care 3.40 0.75
218 Clear aligners periodontal health 3.30 0.91
167 Periodontitis COVID- Associations 3.30 0.74

Table 3 zeroes in on a more specific timeframe, covering articles only from 2019 to 2023. Covid-
19 (Fig. 9D) still exhibits the higher slope value (20.9 but its Pearson’s r = 0.60, which reflects the
decrease in the number of papers belonging to this topic in the last 2 years), trailed at some distance
by #174 Alin Dentistry (slope =7.70, Pearson’s r = 0.93, Fig. 9E), which now precedes topic #154 Deep
Learning Dentistry Diagnosis, which, however, still has a high slope (6.1 with pearson’s 1=0.92). Topic
#21 Periodontitis-Alzheimers Disease (226 papers) emerges as the third fastest-growing topic with a
slope of 7.70 (Pearson’s r = 0.90, Fig. 9F), followed by research on probiotics (topic #23 Probiotics and
periodontal health, slope=6.3, r=0.92) and two closely ranking topics about periodontal soft tissues,
topic #26 Gingival Thickness Assessment and topic #6 Gingival Recession Treatment, respectively
with slopes= 5.1 and 5. When only this short period is considered, a few other topics stand out, such
as #18 Subgingival Microbiome, which comprises the non-negligible number of 252 articles, and is
growing with a slope=4.3 (Pearson’s r=0.68), the considerably big #10 Oral Microbiome Analysis (n=
285), but also the smaller #218 Clear aligners periodontal health, which focuses on periodontal
considerations in patients that undergo this orthodontic treatment and includes titles such as:

Periodontal health during clear aligners treatment: a systematic review [84], or

Periodontal and restorative considerations with clear aligner treatment to establish a more favorable
restorative environment [85].
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Table 4. List of the most represented topics by number of publications appeared in 2024.

Topic LLM N. Publications
0 Periodontitis and Porphyromonas Gingivalis 9
21 Periodontitis-Alzheimers Disease 5
102 Stem cell-derived exosomes for bone regeneration 5
3 Diabetes and Periodontal Disease 4
17 Medicinal Plant Extracts for Oral Care 3
336 3D printed denture base properties 3
5 Cleft Lip Nasoalveolar Molding 3
119 Pulmonary Periodontitis Association 3
23 Probiotics and periodontal health 3
0 Periodontitis and Porphyromonas Gingivalis 9

When analyzed separately, articles published in 2024 are 444, with 144 papers belonging to the
-1 Unlabelled topic group. The most represented topic is #0 Periodontitis and Porphyromonas
Gingivalis with 9 articles, followed by 5 articles belonging to cluster #102 Stem cell-derived exosomes
for bone regeneration and #21 Periodontitis-Alzheimers Disease, 4 articles belonging to cluster #3
Diabetes and Periodontal Disease, and 3 papers belonging to topics #17 Medicinal Plant Extracts for
Oral Care, #135 Diet and Periodontal Disease, #23 Probiotics and periodontal health, #336 3D printed
denture base properties, #5 Cleft Lip Nasoalveolar Molding , and #119 Pulmonary Periodontitis
Association (Table 4).

4. Discussion

Topic modeling algorithms open up significant possibilities for data analysis, particularly as
novel tools such as sentence transformers become more capable of capturing subtle meaning
differences within analyzed text corpora [38]. The tool of choice significantly influences the type and
quality of outcomes, and in this context, BERTopic emerges with a plethora of parameter
customization options, which range from the selection of sentence transformers, dimensionality
reduction and clustering preferences to the incorporation of supervised, semi-supervised, or purely
guided approaches, thus granting considerable flexibility in refining the modeling process [17].
BERTopic stands out for its ability to handle diverse paper corpora without requiring extensive
preprocessing, or text cleaning, enabling investigators to quickly analyze significantly larger datasets
compared to the past [15,16].

However, BERTopic presents some challenges, particularly in dealing with a substantial number
of unclassified documents marked as -1 in the algorithm output, which exceeded 43000 titles when
using large group clustering, and 22000 when we increased the granularity of our algorithm. These
unclassified documents derive from our choice of using HDBSCAN as clustering algorithm for
BERTopic. HDBSCAN uses points density to compute clusters in an unsupervised fashion and has
the clear advantage of not requiring operators to pre-set the number of clusters, unlike well-known
unsupervised algorithms such as K-Means. On the other hand, HDBSCAN will not force, as K-Means
would do, every point into a cluster, and will keep data points that do not fit into any cluster as
unlabelled. So, these unlabelled articles come either from the inability of BERTopic/HDBSCAN to
assign these documents to an existing topic group because of their semantic ambiguity, or the
inability to form new clusters, despite their semantics, because these would not contain enough
manuscripts to meet the threshold. In the first case, the semantics of these titles may not be completely
captured by the sentence transformers, and it is possible that better trained encoders might become
able to provide better results; in the latter case, however, the -1 null topic group contains articles that
investigate an area that is still (or has remained) unexplored. Scaling down the minimum topic size
from 250 articles to 5 articles, brought 21000 articles out of the -1 null topic group, indicating that at
least some of the papers of this group belonged to small niches. This would advocate for further
reducing the topic size, possibly pushing it to its limits, with n=2. This, however, introduces a
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potential risk of fragmenting the research landscape into an exceedingly high number of groups,
which do not substantially differ if not for their lexical choices, or subtleties that fail to provide real
insight but only background noise. Investigators should therefore strike a balance between the need
for granularity and an excessive parcellation of the documents.

To circumvent this issue and make the readers more aware of the caveats that this method
entails, together with its significant potential, we used two sets of settings. The first yielded few,
clearly distinguished big groups that could be easily mapped within the research landscape, although
they were mostly over-arching themes in periodontics. The second set was an attempt to get an in-
depth view of smaller research niches, with the purpose of delving deeper into the vibrant
underwood of emerging research trends.

According to the low granularity setting, Periodontics research is arranged along 4 big topic
axes, which could be tentatively labelled: 1) Patient management and hygiene; 2) Periodontal (and
implant) surgery; 3) Oral microbiology, and 4) Periomedicine. The first and the last topic groups may
be more challenging to characterize based on our data, because they appear to overlap to some extent.
The first topic cluster, though it contains a topic on Periodontal disease and low birth weight in
pregnant women, which would be intuitively perceived as closer to Periomedicine and thus belong
to cluster #4, is mostly centered on patient management and the epidemiological aspects of
periodontal disease. Two semantic polarities can actually be identified in this first cluster, with one
pole comprising topics about toothbrushing and hygiene management (#23 Toothbrush Plaque
Removal and #28 Dentin Hypersensitivity Management), and one pole that revolves around patient
management by the periodontists, including therapy and the challenges that the recent sanitary
emergencies have raised (e.g. #19 COVID-19 and Dental Practice). We have chosen the Periomedicine
label for topic cluster #4 to highlight the presence of topics investigating the links between
Periodontal disease and systemic diseases, although this cluster also comprises a very large topic on
periodontal regeneration and stem cells. It is presumable that the semantic proximity of these groups
lies in their focus on the cellular mechanisms of bone physiology and its relation to general
metabolism and immune system, as the underlying theme that runs across all these topics. When
taken together, the cluster #4 contains two areas of topic density too, the former that is mostly focused
on the associations between periodontal disease and systemic diseases (#10 Diabetes and Periodontal
Disease, #18 Periodontal-Cardiovascular Disease Link, # 20 Rheumatoid Arthritis and Periodontal
Disease, and #24 Periodontitis-CKD association) and one that is centered on bone, bone regeneration,
bone osteonecrosis, vitamin D, with topics #0, #27, and #26.

The second topic cluster is hybrid in nature, and it highlights the deep connections that tie
periodontics with implant dentistry. Many topics in this cluster focus on endosseous implants and
related research (e.g. #21 Titanium Surface Studies), although periodontal surgery, and maxillo-facial
surgery of the lip and palate form a constellation of topics gravitating around a core of implant
research. Actually, also in the case of this cluster, two main areas of semantic addensation can be
identified, with implant dentistry on one side and oral surgery on the other (Fig. 3B).

The third topic cluster, unlike the previous ones, cannot really be divided into further poles of
semantic attraction, but its layout rather suggests a continuity of meaning that ranges from topic #6
Porphyromonas Gingivalis Effects to studies on the Oral Microbiome and Priobiotics to studies on
Aggregatibacter and other pathogenic bacterial species’ infections to #8 Chlorhexidine and herbal
mouthwash. The apparently disconcerting semantic distance between topic #6 Porphyromonas
Gingivalis Effects and the apparently close topic #16 Aggregatibacter Actinomycetemcomitans
Infections

This low level of granularity highlighted broad themes, a sort of high-level internal structure in
periodontics research, but proved insufficiently equipped to reveal research niches and inner
dynamics in areas of knowledge expansion. To this purpose, we decided to increase the granularity
of our analysis by allowing HDBSCAN to identify small clusters, formed by even just 5 articles; while
this did not impose artificially high numbers of topics per se (which could be done in BERTopics), it
provided the clustering algorithm with improved sensitivity to identify many more topics, up to 2550
(2428 after merging), and assign over 20000 articles that had been previously classified as -1 null topic
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to new topics. Applying these new settings, while not without drawbacks, was necessary to uncover
small research niches, such as topic #2113 Nanocurcumin Implant Healing, which first appeared in
2021, and isolate growth trends. On the other hand, the strong increase in the number of topics also
generated topics that frankly appeared overlapping, both by their LLM descriptors and their
keyowrds. Setting an acceptable threshold of similarity is arbitrary and depends on the specific
purposes of the investigators, who could be more interested in the focus of the literature on specific
clinical or preclinical areas, or even in the way a certain area is epistemologically understood,
conceived, and presented to the scientific community. We decided to rely on a relatively hard
criterium of similarity, i.e. the cosine similarity in the embeddings of the LLM description tags of the
topics, to merge identical topics that exceeded 0.9 similarity. This did not eliminate potentially
overlapping topics, but we preferred to maintain a certain degree of similarity to get also an insight
into the choice of wordings that have been preferred by investigators over time.

Trends are of particular interest, as they can act as indicators of those areas that are subjected to
more intense investigation and are increasingly attracting the attention of the scientific community.
Unsurprisingly, the topics related to COVID-19 and dentistry and the association between
periodontal disease and COVID-19 pandemics have experienced a steep surge over the last 4 years,
as the pandemics broke out and raged all over the world, forcing practitioners, scholars, and
legislators alike to re-think the whole healthcare system. However, even in this area, different subsets
were identified, with different dynamics. The trend in the last 5 years, as assessed by linear
regression, is overall positive, the number of articles dedicated to the Sars-Cov-2 infection and its
associations, either epidemiological or pathological to dentistry and periodontitis decreased over the
course of 2023, as the emergency slowly subsided.

Technological innovations have strongly increased in the last years too, with topic #174 Al in
Dentistry and #154 Deep Learning Dentistry Diagnosis taking the center stage in the middle of the
AL revolution that is permeating much part of human activities, both in work and leisure realities.
A closer inspection of the articles in these two topics reveals that the differences between these groups
are indeed as subtle as they sound. Deep learning is a strategy of machine learning that relies on
algorithms known as artificial neural networks (ANN). ANNs are structured over several layers of
neurons — referred to as deep layers, hence the term deep learning — and they are the basis of the more
general research area called Artificial Intelligence, which aims at creating algorithms capable of
performing tasks intelligently, i.e. algorithms that can learn and be trained and respond
appropriately, as human intelligence would do. Articles in the topic #74 A.L in Dentistry are usually
quite general in nature and include reviews of the different applications for intelligent algorithms in
all the areas of dentistry, but some papers in this group actually explore applications based on deep
learning architectures. The divide between topic #174 and #154 is therefore sometimes blurred from
the technical point of view and is mostly supported by a different wording chosen by the authors,
which does, however, reflect a change in attitude that has been occurring in the last few years. When
we considered the longer, 15-year interval, topic #154 Deep Learning Dentistry Diagnosis has a higher
slope, a sign that the increase in number of publications on ANNs applications in Dentistry comes
from afar and corresponds to the (re)birth of Deep Learning after years of hopelessness over the
potential of this techniques. However, when we considered a shorter, 5-year window, topic #174 Al
in dentistry is leading, as this choice of word is becoming popular in the context of the wider cultural
phenomenon of the A.L revolution and is possibly considered an increasingly appealing way to title
a paper, last but not least, to increase its chances of publication, but also because, as in the case with
this manuscript, Al is a more wide-encompassing term to define not only the underlying neural
architecture (which is becoming a ‘detail’) but also the broader nature of the tools that have been
used, e.g. LLMs, which can be fully considered Al

Topic #102 Stem cell-derived exosomes for bone regeneration is also on the rise, especially in the
15-year time frame, where it ranks 3rd, before #21 Periodontitis-Alzheimers Disease and #23
Probiotics and periodontal health, which have experienced a steep increase in the last 5 years, where
they rank in 3rd and 4th position respectively. And when only the papers published in 2024 are
considered, which are obviously much less numerous at the time of writing this manuscript, topic #0
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Periodontitis and Porphyromonas Gingivalis is leading, followed by Periodontitis-Alzheimers
Disease, Stem cell-derived exosomes for bone regeneration and Diabetes and Periodontal Disease,
but also Medicinal Plant Extracts for Oral Care, highlighting how the most recent trends are focusing
on broadening the context in which periodontal diseases are to be understood, but also on further
elucidating the intimate mechanisms that underlie the pathological processes, and evaluating novel
treatment venues, including exosomes.

5. Conclusions

The present work demonstrated the use of BERTopic in combination with different
representation models, including a LLM, to explore a research field. By using specific sets of settings,
we were able to highlight the internal structure of periodontics research, the main areas, and the
relations between these research areas. We were also able to zoom in and increase the literature
dataset at a finer granularity, which allowed us to isolate individual themes of research and
investigate their trend over time, highlighting more recent topics or topics which disappeared.
Although this methods still has significant limitations, as a portion of articles are not labelled and are
collected in a generic null group, this kind of analysis turns out to be fast, simple and offer potential
insights into the composition and dynamics of a whole research field.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org. Table S1: List of the low granularity topics in the 2009-2023 period sorted by topic
size (Count= number of paper in the cluster). The table includes the KeyBERT and MMR keywords, and the
LLM-generated label; Table S2: List of the low granularity topics in the 2009-2023 period sorted by topic size
(Count= number of paper in the cluster). The table includes the KeyBERT and MMR keywords, and the LLM-
generated label; Table S3: List of the top 20 topics in the 2009-2023 period sorted by slope of the linear regression
of the number of publications/year and the goodness of fit, measured by Pearson’s r.
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