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Abstract

Periodontal diseases pose a significant global health burden, requiring early detection
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and personalized treatment approaches. Traditional diagnostic approaches in peri-
odontology often rely on a “one size fits all” approach, which may overlook the unique

variations in disease progression and response to treatment among individuals. This
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narrative review explores the role of artificial intelligence (Al) and personalized diag-
nostics in periodontology, emphasizing the potential for tailored diagnostic strategies
to enhance precision medicine in periodontal care. The review begins by elucidating
the limitations of conventional diagnostic techniques. Subsequently, it delves into the
application of Al models in analyzing diverse data sets, such as clinical records, imag-
ing, and molecular information, and its role in periodontal training. Furthermore, the
review also discusses the role of research community and policymakers in integrating
personalized diagnostics in periodontal care. Challenges and ethical considerations
associated with adopting Al-based personalized diagnostic tools are also explored,
emphasizing the need for transparent algorithms, data safety and privacy, ongoing
multidisciplinary collaboration, and patient involvement. In conclusion, this narrative
review underscores the transformative potential of Al in advancing periodontal di-
agnostics toward a personalized paradigm, and their integration into clinical practice

holds the promise of ushering in a new era of precision medicine for periodontal care.
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1 | INTRODUCTION

is entirely reversible if appropriate intervention is performed through
improved oral hygiene and/or professional oral prophylaxis. It then

Periodontitis is a chronic inflammatory disease of the periodontal
structures comprising the gingiva, periodontal ligament, cementum,
and alveolar bone and is the sixth-most prevalent health condition
globally.r Accumulation of biofilm on the tooth surfaces is considered
the primary etiological factor for developing gingivitis, %> character-
ized by red and swollen gingival margins and bleeding on stimulating

the gingival sulcus with a probe or during toothbrushing. This phase

usually progresses to periodontitis, which, if left untreated, eventually
leads to tooth loss. Along with caries, periodontitis is one of the most
common reasons for dental extractions.* Centres for Disease Control
and Prevention reports that the prevalence of periodontal disease
in American adults is approximately 46% and even higher in elderly
people at over 70%. Periodontitis predominantly affects middle-

aged” and elderly population.® The prevalence of periodontitis is high
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in industrialized nations.” It is worth mentioning that the proportion
of the elderly population in these countries is increasing, which might
lead to a further increase in the prevalence of periodontitis.8

Periodontology, the study of the supporting structures of teeth
and the diseases that affect them, is entering a new era marked by
its reliance on data and diagnosis. Two additional factors driving this
transformation in periodontology are (i) a deep understanding of the
intricate multifactorial etiology of periodontal diseases and (ii) the
introduction of a new periodontitis classification in 2017. Firstly, it
is well-established that periodontitis is an inflammatory disease me-
diated by various factors, such as age, smoking, physical activity, obe-
sity, oral hygiene, diabetes, and other systemic diseases.”'® Despite
advancements in periodontal research in recent decades, the etiology
of periodontitis still needs to be understood completely. Secondly, the
American Academy of Periodontology and the European Federation
of Periodontology proposed a new periodontitis classification during
the 2017 World Workshop on the Classification of Periodontal and
Peri-Implant Diseases and Conditions.** In summary, this new classi-
fication moved away from the previous two categories (chronic and
aggressive) to a more comprehensive staging and grading system,
which brought about several fundamental changes and advance-
ments in the understanding and managing of periodontal diseases.
The new system also looks at the severity of the disease, the com-
plexity of managing the condition, and the rate at which the disease
progresses. To reflect this complexity, a more extensive set of data
points are required to classify adequately, which subsequently should
allow a better understanding of a patient's periodontal status and the
associated management needs.

On the one hand, in the pursuit of effective periodontal care,
the integration of data-driven approaches and advanced diagnos-
tics has become paramount. This usually includes site-based clinical
examination for various periodontal parameters (plaque, calculus,
bleeding on probing, probing depth, attachment loss, recession, and
furcation involvement), a multitude of risk factors that were derived
through interviews and/or questionnaires and a large number of
image modalities during various stages of treatment to assess the
prognosis. Furthermore, despite having increased computing power
at a fraction of the cost and advancements in biomarker detection
from the oral microbiome, proteome, metabolome, etc., were made,
it is not yet possible to integrate them into routine dental diagnosis.

On the other hand, integrating artificial intelligence (Al) into
healthcare has revolutionized diagnostic and treatment approaches
in many fields,'? and dentistry is no exception. In recent years, al-
though Al has been used in various scenarios in medicine or den-
tistry,13 it has been sparingly used in periodontology.14 While a
recent review article applied the P4 medicine concept to deliver pre-
cision periodontal care, there remains a notable gap in the literature
regarding personalized periodontal diagnostics.!®> Therefore, this ar-
ticle seeks to delve deeper into the realm of personalized diagnostics
within the field of periodontology while shedding light on the poten-
tial use of Al in this area. By doing so, we seek to pave the way for
future research and application in this domain, ultimately fostering a
more evidence-based approach to periodontal care.
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2 | WHAT IS PERSONALIZED MEDICINE?

Periodontal diagnostics currently employs a risk-based approach of
stratification; i.e., based on risk assessments or clinical examinations,
we classify patients into different risk or disease strata. Then, we
assign similar treatment strategies to all individuals in certain strata
(“one size fits all”).!® One pitfall with this approach is that it treats
patients in each stratum as a statistical average and does not give
importance to individual patient's characteristics or physiological
variations. On the other hand, personalized medicine integrates risk
algorithms, molecular diagnostics, targeted therapies, and pharma-
cogenomics (individual's response to drugs) to improve healthcare
and link a patient's molecular profile and clinical features.”"*? In
other words, personalized medicine focuses on identifying sub-
groups of patients within larger populations that are more likely to
respond to a particular treatment, for example, nonsurgical peri-
odontal therapy and systemic antibiotics.?° The term personalized
medicine is usually used interchangeably with precision medicine;
the latter refers to treatments targeted to the needs of individual
patients based on genetic, biomarker, phenotypic, or psychosocial
characteristics that distinguish a patient from others with similar
clinical presentations.21 In other words, precision medicine aims
to identify specific mutations in a gene, through which treatments
could be developed to target specific genetic abnormalities. The dif-
ferences between personalized and precision medicine are enlisted
in Figure 1. Precision medicine is also closely linked to another term,
P4 medicine, which aims to use large data sets, including routine and
omics data and advanced data analytics, to establish a more predic-
tive, preventive, personalized, and participatory kind of medicine.??

3 | WHATIS ARTIFICIAL INTELLIGENCE?

Artificialintelligenceisabranch of computersciencethatfocuseson
developing intelligent machines or programs capable of performing
tasks that typically mimic human intelligence, ideally in a shorter
time and with higher accuracy. Machine learning (ML) is a branch
of Al, in which statistical models are constructed to classify data
or images and to predict the risk or the outcomes through various
methods,?® such as regression, k-nearest neighbors, decision trees
(DT), random forest, support vector machines (SVM), etc. In other
words, ML focuses on enabling computers to identify patterns
and make decisions on data. ML can be broadly classified into
supervised and unsupervised learning. Under supervised learning,
the mathematical models are constructed using training data with
an already available outcome label or classification variable. On
the contrary, when the models are not provided with outcome
labels to learn from and must independently discern the structures
and patterns, it is termed unsupervised learning. In either case,
the trained model is validated against an independent data set,
where the model's performance is assessed using various metrics,
such as sensitivity, specificity, accuracy, balanced accuracy, F1-
score (which is the harmonic mean of precision and recall), etc.
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FIGURE 1 Differences between personalized versus precision
medicine, with a focus on periodontology.

Deep learning (DL) is a sub-branch of ML that employs algorithms
inspired by the structure and function of the human brain, known
as artificial neural networks (ANN), consisting of interconnected
neurons that can process information and learn from the data.?*
Convolutional neural networks (CNN) are a subclass of DL
models that are particularly adept at interpreting complex image
modalities. They use convolutional layers to process data in small,
overlapping chunks, allowing them to recognize local patterns

within an image.

4 | SCOPE OF PERSONALIZED
DIAGNOSTICS AND Al IN CLINICAL
PERIODONTOLOGY

Al has a wide range of applications in the field of dentistry, such
as patient record maintenance, risk assessment and prediction, di-
agnosing and monitoring the diseased state, early detection and

screening, as well as in dental education and training (Figure 2).

4.1 | Patient record maintenance

Keeping and maintaining a clinical record is integral in healthcare.
Indeed, the United Kingdom's General Medical Council has included
clinical record keeping under the first domain in their “Good Medical
Practice” guidelines.25 While these guidelines are primarily meant

for physicians, they offer relevant principles for other healthcare
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FIGURE 2 Scope of Al-based
personalized diagnostics in the field of
periodontology.
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professionals, including periodontologists. Incorporating Al tools
such as Natural Language Processing (NLP) - a branch of Al that
enables machines to understand, interpret, and communicate in
a language easily understood by humans - into record-keeping
processes streamlines documentation.?® Besides recording vital
information, case records usually contain an enormous amount of
unstructured text in the form of notes, which could be practically
used in clinical decision-making with the help of NLP is a branch of Al
that enables machines to understand, interpret, and communicate in
alanguage easily understood by humans. One such NLP model that is
well known today is ChatGPT (OpenAl, San Francisco, USA). A study
used NLP to determine the agreement between gingivitis diagnosed
using the 2018 criteria (percentage of bleeding on probing, BOP%)
versus clinical notes on visual signs of gingival inflammation.?’
Although their NLP model had an excellent performance (98%
F1-score), they found that using BOP% alone without considering
visual signs might under- or over-estimate the disease. Besides
assisting in record maintenance and diagnosing, NLP algorithms
can analyze patients' feedback or reviews and provide insights into
patients' experiences, which could enhance treatment approaches
and ensure patient satisfaction. Furthermore, NLP-driven chatbots
could provide patients with accurate and personalized information
on their periodontal status using simple language and impart self-
care practices to alleviate their condition.?® By incorporating
NLP technologies into routine record maintenance tasks such as
periodontal charting, periodontologists can optimize workflow
efficiency, reduce administrative burdens, and allow more time for
personalized patient interactions and treatment planning. This aligns
with the goals of personalized periodontics, empowering dentists to
deliver precise, patient-centered care.

4.2 | Risk assessment and prediction

Periodontitis is a complex disease associated with various sys-
temic diseases, and several influencing factors were associated
with its initiation or progression.”'° Many association studies have
explored the link between periodontitis and systemic disorders or
influencing factors. However, these studies primarily focus on un-

92931 rather than pre-

derstanding the disease's pathophysiology,
dictive modeling, limiting their direct impact on personalized risk
assessment and prediction.'® Furthermore, tooth loss, the most
common sequelae of untreated periodontitis, underscores the
need for effective prediction models. While tooth loss is the out-
come of interest from patients' perspectives, it is seldom reflected
in these studies.®?

Predicting periodontitis and tooth loss at an earlier stage could
empower patients to take proactive preventive measures, thereby
tackling the physical, mental, and financial implications caused by it.
The new periodontal disease classification already considers a cou-
ple of risk factors, such as smoking and diabetes. There are also var-
ious periodontal disease risk assessment systems or risk calculators
in place that use mathematical algorithms and leverage risk factors
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and clinical parameters to predict the patient's risk of periodontal
disease progression.33’34

Recently, a retrospective study evaluated the prediction of peri-
odontitis progression using ANN. The authors used parameters such
as patient's age, sex, smoking status, plaque, BOP, probing depth,
and clinical attachment loss and graded the patients based on the
2017 periodontitis classification. The model had an accuracy, sen-
sitivity, and specificity of 84.2%, 85.7%, and 80.0%, respectively.®
A couple of other studies developed similar ANN models to assess
the periodontitis risk, with some models performing even better.3¢%7
Notably, all these studies included risk factors apart from smoking
and diabetes as stated in the new periodontal disease classification,
but none of them tried to integrate the genetic profile of the patient
or the composition of oral microbiome, metabolome, or proteome
for periodontal risk assessment. Studies have shown that assessing
these multi-omics could detect more interacting biomarkers that
could influence the pathogenesis,38 which could help in deducing
molecular pathways, enhancing predictive capabilities and person-

alized risk assessment in periodontics.>? -4

4.3 | Alindiagnosing and monitoring
periodontal diseases

Advanced diagnostics and screening techniques must be widely
followed to keep periodontal health in check, mainly involving a
comprehensive periodontal examination. Complimenting clinical ex-
amination, various image modalities are performed to help dentists
with diagnosing periodontal diseases and to monitor the prognosis
of periodontal treatment. While the utilization of Al in periodontol-
ogy remains relatively limited, few studies have explored its poten-
tial in various diagnostic tasks, such as assessment of panoramic
radiographs or periapical radiographs to detect periodontal bone
loss (PBL), to stage and grade periodontitis, and to identify dental
implant types.

Radiography is often used as a noninvasive adjunct to clinical peri-
odontal examination to determine the presence and extent of bone
loss. To describe the severity of the disease at presentation, PBL is
used in conjunction with probing depths or clinical attachment loss
and previous history of tooth loss due to periodontitis.** Few studies
explored the role of Al in detecting and/or quantifying PBL, mainly
using CNN, and often showing these models to perform similar to
or superior to human examiners.**>? Some studies also employed
radiographs to classify patients into different stages of periodontitis

based on the PBL severity, again yielding superior“s'si54

or similar
performance compared to dental professionals.*®

In addition to radiographs, intra-oral photographs are widely
used to document patients' health status, for example, to record
gingivitis or gingival recession. Few studies used automated CNN
models to detect and classify oral photographs into healthy and gin-
givitis and had varying degrees of accurat:y.55’56 Some studies also
used CNN to detect dental plaque from the clinical photographs in

primary®’ and in permanent dentition.>®

958017 SUOLUWOD SAIIE81D 3|qeal|dde sy Ag peusenob ae sapalLe YO ‘8sN J0 S3|nJ 4o} AkelqiauluQ AS|I/M UO (SUONIPUOI-PUe-SWLSY/LI0D A8 | IM"ARelq 1 BUIUD//:SANY) SUOIIPUOD pue SW.S 1 8U1 39S *[7202/TT/6T] Uo Akeiqi]aulluo AS|IM ‘9852 T PIA/TTTT OT/I0P/WO0 A3 1M ARelq 1 jBUl|UO//:Sdy WOl papeoiumod ‘T ‘v20g '2G.0009T



PITCHIKA ET AL.

224
—I—W] |l aA'%& Periodontology 2000

gl it - 4

Rl

£
-

Risk for developing
periodontal disease
Patient Sample Sample Data Biomarker
recruitment collection preparation analysis detection
Periodontally Ség:a Mggi)ﬂ;m . gr\elgi Risk for periodontal disease
r:falthy or Tongue Gene sequencing Metabolome Bacteria RIOGICSSION
iseased f .
scrapings Proteome, etc. Metabolite

FIGURE 3 Common workflow employed in biomarker discovery using omics technologies from oral specimens such as saliva, tongue

scrapings, or gingival crevicular fluid.

Apart from detecting periodontal diseases, CNN was also
employed to detect and distinguish dental implants on radio-
graphs.®?%° With the increase in dental implant use, there is a rise
in the prevalence of implant-related complications such as peri-
implantitis.*~%% Knowing the implant type is relevant to address-
ing a range of these complications. DL was used to identify and
classify dental implant types in a large-scale multicenter study in-
volving 5 dental college hospitals and 10 private dental clinics.®* In
this study, apart from being accurate in classifying the dental im-
plant types, the DL model required significantly less time (4.5 min)
than the general dentists (91.3 + 38.3min) and dental implantolo-
gists (75.6 + 31.0 min) for classifying all 25 dental implant systems
assessed. The use of ML applications extends beyond implant clas-
sification. For instance, another study utilized ML techniques for
immune profiling of peri-implantitis patients and found that the
microenvironment surrounding the implants shapes the microbial
composition, thereby influencing the course of regeneration. By
leveraging the microbial data from peri-implant sites, they clus-
tered the patients with similar immunologic profiles, leading to
personalized risk stratification of progressive peri-implantitis in
response to regenerative therapy.'’

These Al-driven tools enhance treatment outcomes and patient
satisfaction by providing accurate diagnoses and targeted treat-
ments to individual patient needs, aligning with personalized peri-

odontics principles.

4.4 | Early detection and screening

Periodontal diseases are to-date diagnosed clinically by probing
the gingival sulcus of the teeth to detect periodontal pockets.
Two problems arise due to this method: (1) periodontal probing is
technique sensitive and is prone to errors due to the examiner's skills,
limiting its accuracy; and (2) by the time the pockets are detected, the
periodontal disease has already established and progressed to the
extent that the condition is irreversible. Therefore, earlier detection
of periodontal diseases is essential. In the medical field, peripheral
blood is frequently drawn to assess a wide range of biomarkers in
the serum, albeit it is invasive and may deter patient compliance due

to associated pain and discomfort. Dentists have an advantage by
having access to other noninvasive mediums, such as saliva, gingival
crevicular fluid (GCF), and tongue scrapings. Among these, saliva is
well-researched due to its ease of collection and acknowledged as a
mirror of the body's systemic state.®®

Using the already mentioned omics technologies has led to the
detection of a wide range of biomarkers in metabolome, microbiome,
proteome, etc., which broadened our knowledge and understanding
of the pathophysiology of periodontal diseases (Figure 3). The result-
ing big data set lends itself to being analyzed using Al; nevertheless,
this approach has been less utilized in the field of periodontology.
A recent review on Al-assisted salivary biomarker discovery has
summarized that only three studies did Al-assisted biomarker dis-
covery for periodontal diseases.®® In essence, two of those used ML
to detect biomarkers from metabolome or microbiome.®”*® Another
study compared the oral microbiome composition in patients with
periodontal disease with or without rheumatoid arthritis using ML.%?
However, the review also concludes that Al-driven early detection
methods offer promise in personalized periodontal care by integrat-
ing multi-omics data sets and semi-supervised learning.6®’® Once
the pathophysiology of periodontal disease is fully understood,
using the wide array of biomarkers discussed above, specific self-
testing kits could be developed to detect the patient's risk of devel-
oping or progressing periodontal disease more precisely.

Common self-testing kits known to laymen are pregnancy test-
ing kits and blood glucose level testing kits. However, the recent
COVID-19 pandemic made self-testing a reality in many homes.”*
Unlike COVID-19 testing kits, periodontal disease testing kits
could be designed for multiple noninvasive specimens such as sa-
liva, tongue scrapings, or GCF (collecting GCF at home would be
challenging, though). Although there are a few chairside diagnostic
kits aimed at periodontal diseases, such as Perioscan, Periogard,
Periocheck, etc., they are designed to assess specific biomarkers,
which makes them less accurate compared to a testing kit designed
for a broad spectrum of biomarkers.

Another method involving self-testing is image assessment on
smartphones, which have become an essential part of our lives.
Modern smartphones can capture high-resolution pictures that
could rival yesteryear professional camera's performance. A recent
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study evaluated the effectiveness of Al-assisted self-monitoring
by patients using images of their mouths taken post-periodontal
treatment. The patients received digital reminders on smartphones,
which resulted in better compliance, improved oral self-care be-
havior, reduced plaque accumulation, and improved periodontal
outcomes after 1- and 3-month follow-ups.”? Furthermore, a cou-
ple of clinical trials (NCT04326413 and NCT05685355) were reg-
istered to assess periodontal health using self-recorded intraoral
photogr:aphs.73"74 Al-based apps could automatically detect signs of
gingivitis or poor oral hygiene on these images, subsequently notify-
ing the patient about steps to be followed that could improve their
periodontal health. it might also be possible to link such apps with
the patient's general dentist and/or physician to alert them of the
concerned patient's periodontal status requiring medical attention.

Through early detection, it is also possible to target prevention
at earlier stages by motivating the patients to improve their oral hy-
giene, which is the cornerstone for preventing periodontal diseases.
Although it can be argued that the biofilm load is not directly pro-
portional to the periodontal disease severity,” it is well-established
that improved oral hygiene can prevent the development of peri-
odontal disease.”®”’® Patients should be made aware of various oral
hygiene tools, such as powered toothbrushes with built-in Al tools
that track patients' fields and the duration of toothbrushing. These
tools guide patients toward smart brushing, which could enable
them to maintain better oral hygiene and prevent the onset of peri-
odontal diseases. Furthermore, such devices are also known to be
more compliant.

In conclusion, integrating Al-driven early detection tools in peri-
odontology is a pivotal step toward personalized periodontal care.
These innovations have the potential to transform personalized care
from a concept to a practical reality, empowering patients and dental

professionals.

5 | PERSONALIZED AND AI-SUPPORTED
PERIODONTAL EDUCATION

Training periodontology oftentimes relies on standardized models,
regularly mounted in phantom heads, to allow probing and scaling.
Repeating examinations on a set of such training models would elicit
memorization of the standardized model rather than a real learning
experience and is, admittedly, far away from clinical reality.”’ Instead
or additionally, dental students could be trained using dynamically
varying periodontal models, for example, through haptic-based aug-
mented reality (AR) or virtual reality (VR) training simulators. AR and
VR are Al-based technologies that alter or enhance the perception
of the real world. In AR, the digital information (e.g., a radiograph or
a CBCT image) is overlayed on the operator's view through external
display devices. Conversely, VR immerses the operators in a totally
digital environment via a headset covering the field of vision, creat-
ing a sense of presence in a virtual world.

There are AR/VR-based training simulators to learn various diag-
nostic and treatment methodologies in the field of dentistry, ranging
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from rubber dam insertion, (access) cavity preparation, and place-
ment of implants®®-83; these were found to be improving students'
experience and learning outcomes.?488 However, when it comes
to periodontology, few haptic-based dental simulators exist, and
their applications in training are limited.®? For example, PerioSim,
a VR-based periodontal training simulator, allows training of tactile
sensation via haptic feedback for multiple structures such as teeth,
gingival, and calculi, with students employing virtual periodontal

).7° Although it was possible

instruments (probe, explorer, or scaler
to detect the periodontal pockets with this simulator, it was not
possible to measure the pocket depth or detect any furcation in-
volvements. Another haptic-based simulator was developed to train
caries removal and pocket probing skills. It was observed that on
consecutive training, students achieved pocket probing forces be-
tween 0.4 and 0.5N.”? Recently, a VR-based simulator prototype
with haptic feedback, Haptodont, has been developed with the
possibility to measure pocket depths. While testing this prototype
with a control group, both groups produced a probing depth error
between 0.3 and 0.6 mm, and an average probing force of less than
0.5N.72 However, with the current technology, such AR/VR simula-
tors could be expanded in their scope of use to have different clinical
scenarios for each student and at each time point. This might en-
sure that there is no memorization effect and improve the learning
efficiency.”’ Furthermore, it is possible to include haptic feedback
mechanisms’>?* for the user to adjust their probing forces, which is
a critical factor in periodontal examination.”?¢

Using AR/VR-based technologies in periodontal education goes
beyond training students in general periodontal procedures; it en-
ables personalized learning experiences. This involves tailoring edu-
cational content and simulations to match individual student needs,
learning styles, and skill levels. Furthermore, they also serve as a
bridge to personalized periodontics by allowing students to interact
with dynamically varying periodontal scenarios. This prepares them
to understand and adapt to individual patients' unique conditions
and challenges in clinical practice, thereby directly contributing to
improved clinical preparedness in personalized periodontics.

6 | IMPACT ON PERIODONTAL RESEARCH

In the context of personalized periodontics, the integration of Al
technologies plays a pivotal role in advancing personalized diag-
nostics within mainstream periodontal healthcare. This requires a
coordinated effort from various stakeholders, such as researchers,
clinicians, policymakers, industry partners, and patients. As part of
the research community, we could take some steps to advance per-
sonalized diagnostics.

Firstly, the dentist must be informed about their patient's sys-
temic health parameters associated with periodontal diseases, such
as blood glucose levels, serum inflammatory markers, etc. As pre-
viously discussed, the management of periodontal diseases needs
a multi-disciplinary approach for which the linking of high-quality

|97

data from various sources is essential.”” Al facilitates the analysis
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of large-scale, multi-dimensional data sets encompassing systemic
health parameters, aiding in identifying common risk factors and
predictive modeling for periodontal diseases before their onset,
which could help impart valuable information to the dentist in apply-
ing personalized periodontics in their practice.

Secondly, we could foster collaborative research between dif-
ferent disciplines to bring diverse expertise to address complex
challenges and develop personalized diagnostic technologies.
Although Al algorithms can uncover hidden correlations and in-
sights from diverse data sets, multiple teams collaborating brings
the question of data sharing. Standardized protocols and frame-
works for data collection and sharing between institutes should
be established. This should also address data privacy and ethical
concerns and offer streamlined solutions. Once the data-sharing
agreements are in place, researchers should also try to perform
comparative studies against existing methods using Al-driven
analyses to validate personalized diagnostics' effectiveness and
clinical utility.

Thirdly, we should keep patients informed about the techno-
logical advancements Al brings to our discipline and their potential
impact on well-being. Al technologies can empower patients by
providing a more immersive diagnostic and prognostic experience
and personalized treatment recommendations, thereby enhancing
patient engagement and supporting the informed decision-making
process. This could be helpful in advocating policy changes.

Finally, we should also work with regulatory agencies, industry
partners, and healthcare providers to establish guidelines and obtain
approvals for implementing personalized technologies. We should
also gather real-world evidence from health insurance providers
and industry partners to evaluate and monitor the long-term per-
formance of personalized diagnostics in real-world scenarios. This
real-world data feedback loop enables continuous improvement, re-
finement, and validation of personalized diagnostics tools, ensuring

their effectiveness and relevance in clinical practice.

7 | DATA-DRIVEN PUBLIC HEALTH
PERSPECTIVE

Translating Al-driven personalized periodontal diagnostic ap-
proaches from bench to chairside is theoretically possible. However,
with potentially infinite combinations of stratifications and resulting
interventions, the question of how this approach to healthcare can
be standardized is raised.

Firstly, itis possible through understanding the molecular and mi-
crobiological basis of the disease, as described before.”® Prospective
population-based studies focussing on periodontal health parame-
ters can provide valuable insights into disease progression and treat-
ment response among different population cohorts. In this direction,
such studies in some industrialized nations collected information on
various clinical and biological parameters.99 Based on this informa-
tion, re-stratifying the population cohorts based on similar biological
pathways or microbial and metabolic signatures could unlock new

diagnostic and therapeutic strategies.'®% Besides this, several fac-
tors influence the application of personalized diagnostics on a popu-
lation level. One such factor is the availability of population-level big
data using automated data collection in day-to-day routine life. With
the help of wearable devices, fitness trackers, smartphones, pow-
ered toothbrushes, and other Internet of Things devices, we could
continuously collect data on various health parameters such as body
weight, body mass index, physical activity, heart rate, blood oxygen
levels, oral hygiene status, and other vital signs, offering a real-time
picture of an individual's health. With large population-level data
collected over time, a better understanding of the disease, which,
in turn, results in better health for individuals and populations, is
likely achievable.”® Advancements in powered toothbrushes, poten-
tially integrating intra-oral scanners and Al-driven analytics, could
enable continuous monitoring of periodontal health indicators such
as plaque accumulation, gingival status, or even initial caries lesions,
which offers real-time detection, motivating patients toward action.

Secondly, large-scale surveys incorporating periodontal health
assessments, supported by smart devices and further integrated
with geospatial data, provide patterns or regional variation insights
into periodontal disease trends. Linking survey data with geospatial
health records might enhance the depth of information collected and
allow the researchers to correlate survey responses with health out-
comes or medical history.'°!

Thirdly, tackling misinformation and improving public knowledge
on an interventional level involves targeted efforts from a public
health perspective. Targeted public health campaigns focussing
on periodontal health education are essential for combating mis-
information and promoting health literacy among the population.
Collaborations between dental associations, public health agencies,
big tech, and social media companies can develop Al-driven tools
to disseminate accurate periodontal health information and tackle
the spread of misconceptions online. Implementing algorithms to
detect and flag posts and comments with misinformation can have
a significant impact, as demonstrated during the recent COVID-19
pandemic.1%?

Finally, payers, ranging from patients to health insurance provid-
ers to government initiatives, have limited resources'® and may be
interested in leveraging personalized diagnostics to engage in risk-
based contracting with healthcare providers. This includes giving
incentives to providers for delivering preventive periodontal care
that aligns with personalized approaches,’®* leading to positive
periodontal outcomes. It is worth mentioning that (dental) health
insurance is one of the most significant factors in deciding access
to healthcare. Lack of insurance coverage is associated with poor
access to healthcare, poorer clinical outcomes, and overall health.1%°
The situation is particularly grim in developing countries where
health expenditures can be catastrophic for individuals and their
families at worst. Countries should work toward relieving healthcare
resources by leveraging innovative digital technologies and adapt-
ing to dynamic health trends.1%¢ Through personalized diagnostics,
shifting the emphasis from reaction-based treatment to prevention
is possible, which may be cost-effective long-term.
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8 | CHALLENGES

Although periodontal diseases share a multifactorial etiology, it is
essential to acknowledge that personalized diagnostics in periodon-
tology is still in its primitive stages.’®” The list of most important
challenges in integrating personalized diagnostics in clinical practice
and their mitigations are enumerated in Figure 4.

Before they could become conventional, it requires an enormous
effort in biomarker discovery and their validation to an extent that
we are confident about the pathophysiology of periodontal diseases.
Another challenge is that the periodontal diseases are caused by
dysbiosis in the oral microbiome, rather than a single periodonto-
pathogen. Furthermore, the magnitude of dysbiosis and the mani-
festation of periodontitis differs from patient to patient. Therefore,
it is important to focus on the metabolic or microbial signatures that
are prevalent during the shift from healthy to periodontally dis-
eased state, rather than individual metabolites or bacteria.?’ This
also makes it difficult to manufacture simple testing kits. Also, man-
ufacturing a multitude of new testing kits or materials will be ex-
pensive, and challenging to acquire regulatory approvals. Therefore,
studies showcasing the effectiveness of these testing kits and the
resulting savings in healthcare expenditure are essential to convince

the industry partners to invest in this. Furthermore, as Al-based
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personalized diagnostics gain traction in periodontology, it is imper-
ative to consider the regulatory and bioethics landscape governing
their implementation. Recent guidelines from the World Health
Organization108 and the U.S. Food and Drug Administration®? pro-
vide valuable frameworks and considerations for the ethical devel-
opment and deployment of Al technologies in healthcare. These
guidelines emphasize transparency, accountability, privacy protec-
tion, and fairness in Al systems, aligning with the principles of ethical
Al use.

Personalized diagnostics should seamlessly integrate into the
clinical workflow by ensuring the tools and technologies are acces-
sible, user-friendly, and compatible with the electronic health re-
cord systems already in place. Also, dental professionals might face
a steep learning curve in adopting personalized diagnostics, which
might be mitigated by providing additional training beyond what
is imparted in dental schools. Policymakers should also implement
structural changes in the undergraduate and postgraduate den-
tal curriculum to train graduating dentists to use the technologies
discussed above practically.*'® Furthermore, to have the highest
impact, dentists must work collaboratively with multiple disciplines
involving general physicians, immunologists, cardiovascular special-
ists, and endocrinologists, which might face some logistic challenges
and a lack of cooperation from some colleagues.

Challenges

‘ Mitigations

Wide-range of biomarkers in various
—> "omes" need to be detected to generate

Biomarker discovery

Complex periodontal
pathophysiology

accurate risk prediction models

Focus on microbial signatures rather
than single periodontopathogens

Dysbiosis of microbiome

Regulatory approvals for
broad-spectrum testing-kits

Validation of newly
discovered biomarkers

Perform studies showing their
effectiveness and associated savings

Large-scale multi-centred studies
Routine data collection

Low sample size

Data-related problems

Customization of Al-tools based on
the region

Explore the option of using federated
learning

Data security & privacy

Personalised tools must be accessible,

Challenges in clinical
practice

Seamless integration

Steep learning curve for|
dentists

user-friendly and compatible with
existing electronic record systems

Introduce different Al tools early in
dental curriculum

Dentists must work collaboratively
with other disciplines

Educate the patient about various risk

FIGURE 4 Most common challenges
faced in integrating personalized
periodontal diagnostics in clinical practice
and mitigating steps that could be taken
to tackle the challenges.

Patient participation

factors involved with periodontal

. disease
E t -
ducation Also explaining the costs that could be

potentially saved when patients adhere
to better preventive measures
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While integrating Al-based personalized diagnostics into clinical
practice, one should be aware of the errors caused by the noises and
artifacts in any training data that might lead to missing a diagnosis or
wrongly diagnosing a case. In such cases, dentists might encounter
a new wave of medico-legal cases.!'! Therefore, medico-legal laws
need to be amended to include clauses regarding Al use to protect
the integrity of dental professionals while not harming patients'
health or well-being. Conversely, it could also be argued that Al tools
might be beneficial to patients and dentists in medico-legal cases as
well.1*! By documenting vast amounts of patient data and analyzing
clinical procedures using scene graphs - an approach that maps out
the steps and interactions during medical procedures - Al can help
establish a clearer understanding of the circumstances surround-
ing medical incidents, potentially aiding in legal proceedings.'!?
However, it is crucial to develop robust guidelines and standards for
using Al in such contexts to ensure ethical and responsible utilization
of these technologies.

Developing Al algorithms generally demands a large amount
of high-quality training data. Currently, most dental Al research is
conducted on a small scale within academic settings. Such single-
centered Al is very likely affected by a lack of generalizability, as
demonstrated in diagnosing apical lesions on dental radiographs.113
Reasons for this are diverse and related to nonrepresentative data
in terms of data recording (image quality, machines, resolution, etc.),
environment (health care system, care status, treatment procedures,
etc.) and population (age, socio-economic status, regional immuni-
ties, etc.), among others. Missing generalizability can lead to unfair
healthcare decisions and negatively affect the health of individuals.
The fairness of ML algorithms predicting the likelihood of termi-
nating preventive dental care was recently evaluated, pointing out
worse predictive performance for ethnic minorities, younger individ-
uals, and those with low income.

To tackle these problems, multi-center studies should be con-
ducted to enrich the diversity of underlying data, and benchmarking
should be established to assess the fairness and generalizability of Al.
Notably, multi-center studies and data pooling come with their own
challenges, such as data accessibility, interoperability, and data pro-
tection. The latter could be addressed with appropriate data-sharing
agreements or via federated Iearning114 without compromising data
security and privacy. For the latter, effective communication and
cooperation between different centers remain a requirement, and
technical knowledge is needed across centers for successful imple-
mentation. While accessibility could be addressed using data lakes
and cloud solutions, interoperability needs international standards
on terminology, database structures, and treatment procedures.

Finally, as discussed above, successfully diagnosing and treating
periodontal diseases is not a one-man show. For example, treating
locally using scaling and root planning and neglecting high blood glu-
cose levels, systemic inflammatory markers, or oral hygiene would
not achieve anticipated results.??3! Therefore, patients should be
motivated about their essential role in maintaining oral health. This

requires educating the patient about various risk factors involved

with their disease and suggesting changes in diet, physical activity,
and lifestyle in general, which might require more effort from the pa-
tient to comply in the long run. One major factor that could captivate
patients' interest is the costs associated with periodontal treatments
and the money they would save by proactively improving their oral
hygiene and overall well-being. Better periodontal outcomes could
be achieved with equal involvement from the patient's side. Likewise,
knowing patients' perceptions and attitudes toward personalized
(and Al-based) dentistry is also important. Although it was consid-
ered that Al-based communication lacks personality and patients
preferred clinician-based decisions, the trends are now changing, and
more patients today seem to accept the Al-based approach.*>11¢

9 | CONCLUSION

In conclusion, the integration of personalized diagnostics in peri-
odontology has the potential to revolutionize the field by offer-
ing more accurate and efficient diagnoses, personalized treatment
plans, and better patient outcomes. As we move toward a more
data-driven approach to oral healthcare, we must continue to ex-
plore the possibilities of Al in this field and work toward implement-
ing its innovative solutions in clinical practice.
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