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ABSTRACT

Introduction: Periodontitis is an irreversible disease caused by host-microbe interactions leading to the
destruction of tooth-supporting structures. Its complex aetiology makes early diagnosis, staging, and
treatment planning challenging but crucial to prevent disease progression. Artificial intelligence (Al) models,
particularly Convolutional Neural Networks (CNNSs), analyze complex variables, identify patterns, and make
accurate predictions. Their use in periodontitis diagnosis can enhance diagnostic accuracy, reduce human
error, and provide consistent results.

Objectives: This review evaluates the current landscape of Al applications in diagnosing periodontitis, with
a focus on CNN-based models used directly or through proxy indicators.

Methods: A systematic literature search was conducted in PubMed, Web of Science, CINAHL, Embase,
Cochrane Library, and ClinicalTrials.gov up to December 2019. Included studies assessed the diagnostic
accuracy of Al models for periodontitis using cross-sectional, case-control, or cohort designs. Aggressive
periodontitis cases were excluded. Risk of bias was assessed using the PROBAST tool, and results are
presented as a narrative synthesis.

Results: Al models, particularly CNNs, demonstrated high diagnostic accuracy for periodontal bone loss
using radiographic evidence, often surpassing expert performance. Models like DenseNet and U-Net
excelled in segmentation and classification. Challenges included poor image quality, imbalanced datasets,
and reliance on proxy indicators, highlighting the need for multivariable approaches.

Discussion: Al shows promise in standardizing and scaling periodontitis diagnosis, addressing manpower
shortages, and improving outcomes. However, future research should focus on integrating multivariable
diagnostic approaches and refining model interpretability for clinical applicability.

1. Introduction

Periodontitis is a disease characterized by inflammation caused by microbes and mediated by the host's
immune response. This leads to the loss of the structures that support the teeth (Tonetti et al., 2018).
Some typical characteristics of periodontitis include gingival inflammation, clinical attachment loss,
radiographic evidence of alveolar bone loss, sites with deep probing depths, tooth mobility, bleeding
upon probing, and pathologic migration of teeth (Kwon et al., 2024) Moreover, it has been associated
with multiple chronic disorders, including cardiovascular disease, Alzheimer’s disease, Diabetes
mellitus, rheumatoid arthritis, nonalcoholic fatty liver disease and even certain cancers (Hajishengallis
& Chavakis, 2021; Winning & Linden, 2015). Early and accurate diagnosis is crucial for effective
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management and prevention of disease progression. Traditional diagnostic methods, such as clinical
examination and radiographic analysis, while effective, have limitations including inter-examiner
variability and potential for subjective bias.

In general, diagnostic errors tend to reflect a sizable portion of all medical errors (Mamede et al., 2007)
Fortunately, the rise of Artificial Intelligence (Al) and machine learning models has shown great
promise in various medical fields, including dentistry. Al-based models can analyze complex datasets,
identify patterns, and make predictions with a high degree of accuracy Employing such models has the
potential to allow dental professionals to rise to this challenge by enhancing diagnostic accuracy,
reducing human error, and providing consistent and reproducible results. Further, due to the relatively
quick output of these systems, using optimised Al diagnostic aids could allow more patients to receive
the medical attention they require especially in regions where caseloads on the resident dental
professionals are heavy. This is especially true in low-income countries where only 1.4% of the total
number of dentists work (World Health Organization, 2022).

The scalability of these models also appears promising as they can be deployed across various clinical
settings while providing uniform diagnostic support and further improving the standard of care in
diverse healthcare environments. Finally, a thorough investigation to determine the presence of the
disease would require the identification and measurement of PD, CAL, bleeding on probing (BOP),
plaque index, furcation involvement, suppuration, mobility, occlusal trauma, open contact areas, and
radiographic interpretation of bone levels (Shaddox & Walker, 2010). Once again, due to its ability to
integrate multiple data sources, the utility of Al diagnostic models cannot be ignored. The capability
of Al models to provide accurate and rapid diagnoses, the ability to learn continuously and integrate
various aspects of patient data and its scalability positions them as a highly efficient and critical tool
in the future of the diagnostic process.

Convolutional Neural Networks and Support Vector Models are commonly used machine learning
models in periodontitis diagnostics (Scott et al., 2023). CNNs are used when the primary task involves
pattern and image recognition (O’Shea & Nash, 2015). As evidence of bone loss identified via
radiographs is one of the primary prerequisites for a periodontitis diagnosis, it stands to reason that
using a CNN-based diagnostic model would be a foremost choice. Support Vector Machine algorithms
in conjunction with patient data were also used to aid the diagnoses of periodontitis.

The last 5 years have seen a growing body of research on the diagnostic accuracy of Al-based models
in periodontitis, however, the results remain unclear This must be addressed by a systematic evaluation
of the available evidence to determine the effectiveness and reliability of these models. This
comprehensive review aims to provide valuable insights into the current state of Artificial Intelligence
in diagnosing periodontitis, summarize the existing models that have undergone testing, identify gaps
in the literature, and offer guidance for future research.

2. Methods

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) Checklist were
followed in the reporting of this review (Page et al., 2021).

Review Questions
1. What is the current landscape of artificial intelligence applications in diagnosing periodontitis?

2. What are the input parameters (variables) commonly used in Al models for the detection, staging,
and prognosis of periodontitis?

3. How are Convolutional Neural Network (CNN)-based models utilized in diagnosing
periodontitis, either directly or indirectly through the identification of proxy indicators?
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Inclusion criteria

Diagnostic accuracy studies, including cross-sectional, case-control, and cohort studies that assess the
performance of Al models in diagnosing periodontitis are included in this review. Participants with
Chronic Generalised or Chronic Localised Periodontitis were included.

Exclusion criteria

Cases of aggressive Periodontitis have been excluded. Studies that were not in English or those without
English translations were excluded from this review. Records that were not primary research articles,
including reviews, letters, personal opinions, book chapters, conference abstracts, and those with
unavailable full texts were excluded.

Information sources and search strategy

Only those studies published in English in peer-reviewed journals are included in this view. A
systematic literature search was performed in PubMed, Web of Science, CINAHL, Embase, Cochrane
Library, and clinicaltrial.gov through December 2019. Two independent authors conducted a literature
search using a structured search strategy. To begin with, free text searching of the keywords and their
synonyms was carried out using appropriate truncation, and proximity searching. A second search was
conducted for key concepts using corresponding subject headings in each database. The final search
was carried out where the individual search results were combined using appropriate Boolean
operators. Supplementarily, the references of selected articles were screened to find additional records
that may have failed to appear in the database searches.

Study selection

All the citations, along with the title and abstract that had been retrieved using the search strategy,
were imported to a specified endnote library, and a final list of studies was screened for inclusion in
the study. Following this, the citations were imported into Rayyan and de-duplication was carried out.
Two independent reviewers screened the records by assessing the title and abstract to shortlist the
studies likely to satisfy the review's inclusion criteria. Any disagreement between the reviewers over
the eligibility of particular studies was resolved through discussion with a third reviewer. Full-text
articles for all the shortlisted studies were sought out and a meticulous screening was done adhering
to the proposed inclusion and exclusion criteria. Studies not satisfying inclusion criteria and those with
unavailable full-texts were excluded at this step.

Data collection process

Data extraction was facilitated using a data extraction form created apriori. Data items extracted
included general study identification information and study characteristics. The focal data items were
collected according to the Population, Intervention, Comparator and Outcome (PICO) format:

Population:
- Dataset
- Data source
- Inclusion and exclusion criteria
Intervention:
- Input parameters
- Artificial Intelligence model
- A brief description of the Al model provided by each paper
- Annotation methods used if relevant
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Comparator/Ground truth
Outcome

- Study outcome

- Evaluation metrics

- Comments on model performance
Risk of Bias of Individual Studies

PROBAST, a prediction model study Risk Of Bias Assessment Tool, was used as the primary tool for
quality and risk of bias assessment, considering the focus of this review and the nature of studies
included (Moons et al., 2019). Two independent reviewers rated each study as per the requirements of
the scale after which the ratings were compared. Discrepancies in ratings between the two reviewers
were settled after a discussion.

Data synthesis

Due to the heterogeneous nature of the evaluation metrics used across studies and the high variation
of artificial intelligence models used, it was not possible to conduct a meta-analysis. Therefore, the
results of the review are presented as a narrative synthesis.

3. Results
Study selection

4173 records were retrieved from six databases on 17th February 2024. After de-duplication, 3553
records remained. These records were screened by title and abstract and as a result, 3535 records were
excluded and the remaining 18 were sought for retrieval. All but one of these studies were successfully
retrieved and underwent full-text screening. 12 studies met the inclusion criteria and were included for
review. An additional 11 studies were handpicked from bibliography screening resulting in a total of
23 included studies.
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The flow diagram outlining the process of study selection is presented in Fig 1 .

IDENTIFICATION OF NEW STUDIES VIA IDENTIFICATION OF NEW STUDIES VIA DTHER
DATABASES METHODS

z
9 Studies identified from:
: PubMed (n=3097)
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o Eosco Host {n=303)
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(n=23) b
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Fig 1 PRISMA Flow diagram outlining the process of study identification and selection.
Study characteristics

All the selected studies were published between 2018 and 2024. These studies took place across
several countries - USA, UK, China, Republic of Korea, Indonesia, Chile, Turkey, Denmark, Iran and
Poland. Each study tested the diagnostic ability of Artificial Intelligence systems in the case of
Periodontitis with a few studies focusing on stage classification of periodontitis. Most studies relied
on Panoramic radiographs as the input variable for diagnosis and stage classification. These datasets
ranged from 20 to 12,179 PARS.
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Diagnostic Accuracy of Artificial Intelligence- Based Models in Periodontitis: A Systematic Review
Meta-Analysis

The risk of bias was assessed using the Prediction model study Risk of Bias Assessment Tool
(PROBAST). 16 studies were rated to have a low risk of bias, four studies showed an unclear risk of
bias and one study showed potential for a high risk of bias due to the lack of internal validation. It
should be noted that for item “3.3 Were predictors excluded from the outcome definition?”. Further,
the item “Describe missing data on predictors and outcomes as well as methods used for missing data”
from Domain 4, studies that utilised complete retrospective datasets carried the response “Not
applicable”. Concern for Applicability was evaluated as being “low” for all studies. Refer Table 1 for

overall appraisal of the Risk of Bias evaluation.

Table 1 represents the domain wise PROBAST risk of bias evaluations for the included studies

Kim_2019
Krois_2019
Joo_2019
Huang_2019
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LOW LOW LOW LOW LOW

Selviani_2022 LOW

Chun-Teh Lee_2022 LOW LOW LOW LOW LOW LOW
Jiang_2022 LOW LOW LOW LOW UNCLEAR LOW
Chang_2022 LOW LOW LOW LOW HIGH LOW
Shon_2022 LOW LOW LOW LOW LOW LOW
Kong_2023 LOW LOW LOW LOW UNCLEAR LOW
Liu 2023 LOW LOW LOW LOW UNCLEAR LOW
Zhu_2023 LOW LOW LOW LOW LOW LOW
Enevold_2023 LOW LOW LOW LOW LOW LOW
Ayyildiz_2024 LOW LOW LOW LOW LOW LOW
Mardini_2024 LOW LOW LOW LOW LOW LOW

Summary of Evidence
Table 2 represents the Summary of Evidence gathered from the included studies.
Table 2- Summary of Evidence
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Result of Data Synthesis

The studies selected for this review primarily focus on detecting proxy indicators, such as periodontal
bone loss (PBL), as a means to assess and diagnose periodontitis. Given the scarcity of Al models with
the capability to directly diagnose periodontitis, researchers have instead concentrated on detecting
and analyzing radiographic evidence of Periodontal bone loss, Radiographic bone loss and Alveolar
bone loss and bone level.

Inclusion and Exclusion criteria
Common reasons for exclusion included:
- patients having primary or mixed dentitions.

- Severe distortion in the radiograph resulting in poor readability (caused by metal artefacts,
excessive blur or noise etc.)

Input Parameters

The most common input parameter was panoramic radiographs (n=12). The other input parameters
included oral dental X-rays (n=1), interproximal surfaces from X-rays (n=2), patient medical records
(n=2), periapical radiographs (n=2) demographic data and subjects’ questionnaire responses (n=1),
photographed periodontal tissue (n=1), salivary bacterial copy numbers (n=1) and antibody arrays
(n=1).
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INPUT PARAMETERS
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oral dental X-ray image 1 1

pertapical radiographs

Salivary Bacterial Copy N

nerproximal surfaces fi 2 12 pancramic radiegraphs

Medical records 2
Antibody arrays obtained 1

photographed periodonta

Datasets

The datasets in all the included studies were collected and analysed retrospectively. In general, datasets
were collected either from existing hospital records (after necessary steps were taken to anonymise the
data /obtain informed consent) Institute archives or from open platform databases. Complete datasets
ranged from as large as 12,179 PARS (Kim) to 23 Medical records (Selviani). However, in most
studies involving PARS, the images were subject to multiple augmentation efforts, thus expanding
their final datasets (cite all studies that underwent augmentation).

Annotation Methods and Annotators

All studies involving panoramic radiographs underwent annotation carried out by various individuals
with credentials ranging from undergraduate (Mardini_2024) and postgraduate students with a
specialisation in periodontology (Danks_2021) to experienced dental clinicians (Kim_2019), doctors
(Kong_2023) and oral and maxillofacial (OMF) radiologists as  well as
periodontists(Zhu_2023)(Chun-Teh Lee_2022)(Jiang_2022). Common tools used for annotation
include LabelBox ( Labelbox Inc, CA) (Chang_2020) (Zhu_2023), LabelMe (Chang_2022) VGG
Image Annotator (VIA) (Danks_2021)(Kong_2023), Label-Studio® (Mardini_2024). A single study
used the Computer Vision Annotation Tool (CVAT) (Chun-Teh Lee_2022).

Performance of Al Models in Diagnosing Periodontitis
(1) Convolutional Neural Networks based models (n=9)

Six studies investigated the accuracy of CNNs and CNN-based models in diagnosing periodontitis. All
5 studies report relatively high accuracy of the models in diagnosing periodontal bone loss. The
exception was the model developed by Kong_2023 the function of which was to identify and stage
Radiographic Bone Loss. The PDCNN developed a two-stage CNN-based periodontitis detector and
achieved an RBL classification accuracy of 0.762. The detector was compared to and reportedly
outperformed 4 other detectors, RetinaNet, YOLO-v4, CenterNet and Faster R-CNN, in the domains
of localization accuracy, classification accuracy, and speed.

In terms of the detection of PBL, (Kim_2019) reports that the performance of the model DeNTNet
surpassed that of dental clinicians. A modified CNN (from the Mask R-CNN) based on a feature
pyramid network (FPN) and a ResNet101 Backbone was developed and tested by (Chang_2020). The
ICC value computed i.e. 0.91 (p<0.01), between the model and radiologists' diagnosis, showed high
reliability in the diagnosis of periodontal bone loss. Similar positive results were reported in the case
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of the multi-tasking Inception V3 (Chang_2022) which demonstrated an average accuracy of 87+0.01.
In a comparative study by (Ayyildiz_2024), a DenseNet121 + GAP + mRMR-based SVM model had
the highest performance value with an accuracy of 0.907. The PAR-CNN model developed by
Liu_2023 was used in conjunction with gradient-weighted class activation mapping (Grad-CAM) to
output a prediction score of 0 to 1 for each PAR. This score showed a significant correlation with the
severity of periodontitis. Bayrakdar 2020 Despite the positive results reported, the study by
Krois_2019 reports that the mean accuracy of the model (which was developed using the TensorFlow
framework and Keras) was not significantly higher than that of the examiners.

CNNs Specialized for Object Detection and Image Segmentation:

Danks 2021 proposed a model to localise dental landmarks and automatically calculate PBL and
disease severity stages. The model employed an adjusted symmetric hourglass with ISM model
additions with a peak PCK of 88.9% for single root teeth outperforming the benchmark networks.
However, this was not the case for double and triple-rooted teeth (possibly owing to the smaller
respective datasets). Shon 2023 integrated two deep learning algorithms, U-Net and YOLOV5, to
develop an approach to detect PBL and CEJ boundaries (by U-Net model) and tooth numbering and
length detection (by YOLOV5). The integrated model demonstrated an accuracy of 0.929. Zhu et al.
(2021) also investigated the capabilities of the U-Net, alongside PSPNet and Dense U-Net models, in
the context of alveolar bone edge line extraction. The study revealed that the U-Net and PSPNet
algorithms may not be well suited for this task whereas the Dense U-Net was capable of accurately
segmenting the alveolar bone from oral dental X-rays. Although the difference in accuracy between
the model and periodontal experts was insignificant, the model’s accuracy evaluation (0.800) was
higher than that of general dental practitioners (0.693). The study also highlighted that the time
required to read the PARs by the model was significantly shorter than the time taken by both the
periodontal experts and the general dental practitioners.

(2) Other models (n=3)

Selviani_2022 developed an expert decision model that inputs patient data including CAL values, tooth
loss, bone loss and age. The model uses eight rules to decide the staging and the grade of periodontitis.
The study reported an output accuracy of 86%. Subject demographic data and subject responses to a
questionnaire were utilized by (Enevold_2023) to predict Stage 3/4 periodontitis. In this case, xgBoost,
partial least squares and random forests algorithms were used to develop three different models. Each
used a combination of demographic parameters and questionnaire responses. The model employing
both demographic data and questionnaire response performed better than the models using solely
demographic or self-reported questionnaire data. However, the study concluded that these models had
limited capabilities for predicting Stage 3/4 periodontitis.

Mardini_2024 adopted a model which stacked Statistical Inference, DCNN and a PBL algorithm to
detect PBL. The study concluded that although the model was satisfactory in identifying light to
moderate PBL, it failed to detect severe PBL from panoramic radiographs.

4. Discussion

This review outlines the current state and progress of Artificial Intelligence models in diagnosing
periodontitis. From the synthesis of results, it can be inferred that these studies have demonstrated that
Al models have the potential to be powerful tools in the diagnostic process. Not only do they offer the
possibility of standardized, reliable and accurate results, but they also significantly reduce the time
taken to conduct thorough assessments. The main obstacle faced by Al models, particularly CNN-
based models, is that images imputed require significant pre-processing and instances of poor-quality
images severely inhibit the performance of the model. A general limitation across models is that the
dataset necessary for training must be vast as well as balanced to allow for higher accuracy in
diagnosis.
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The diagnosis of periodontitis relies on multiple diagnostic criteria such as bleeding on probing,
probing pocket depth estimation, determination of furcation involvement, recession, assessment of
clinical attachment level and radiographic assessment of bone loss. Therefore, the future direction we
propose exploring is one that successfully stacks existing methods that complement clinical
examination to directly diagnose the disease rather than rely on a single indicator. This would be a
vital development as the diagnosis of this disease requires a multivariable approach. It is possible to
get a glimpse of what this may look like in studies such as (Farhadian et al., 2020). Further, it would
also be beneficial to pursue the development of models that allow for clear interpretation by experts
such as those achieved by (Lee et al., 2022) and (Li et al., 2020).

Convolutional Neural Networks are a subset of neural networks specialised for tasks that require the
analysis of visual imagery such as object recognition and image classification. This technique was
advanced by Yann LeCun and colleagues. They are most known for successfully developing and
training a CNN model (LeNet) for handwriting recognition (LeCun et al., 1998). Some of the most
well-known CNN architectures include AlexNet, VGGNet, GooglLeNet/Inception, ResNet and
DenseNet. In medicine, CNNs have been tested for tasks such as medical image classification,
segmentation, detection and localization, often with positive results when compared with expert
performance (Sarvamangala & Kulkarni, 2022). More specifically, CNNs have demonstrated the
capacity to significantly impact the field of dental radiography as they may be trained to “read” a
variety of intra- and extra-oral radiographs (Brahmi et al., 2024). As seen by the results of this review,
this is of high utility in the case of detecting and determining the extent of periodontal bone loss for
the diagnosis of periodontitis. Existing models have already proven to reach and even surpass the
accuracy of experts and it can be expected that this approach will become more refined with time.

Clinical practice implications and Integration into dental care:

Apart from the obvious advantages of automated diagnosis in terms of speed of diagnosis and
objectivity, another implication is efficiency in situations where there is a lack of manpower such as
in developing regions. Integration of automated systems also has the potential to lower both patient
waiting time and the cost of treatment. Artificial Intelligence diagnostic systems can aid in clinical
settings from early detection to implementation of intervention and treatment. Further, Al models can
also be harnessed to assist dental professionals in developing treatment plans.

The strength of this review is that, to the best of our knowledge, this is the first of its kind to
comprehensively synthesize data concerning the current state of Al models in diagnosing periodontitis.
It also sheds light on the popularity of CNN-based models used to identify and stage radiographic bone
loss. The review also highlighted gaps in current research and points to future avenues for research.

This review is limited in that the data extracted from the studies could not be subjected to a meta-
analysis due to the high heterogeneity in both evaluation metrics used as well as the models used for
diagnosis. We aimed to offset this by conducting a thorough although narrative synthesis of the results.
There is also a possibility of relevant studies in languages other than English being excluded due to
the nature of the inclusion criteria of this review.

5. Conclusions

This review explores the potential of Artificial Intelligence, particularly CNN-based models, in
diagnosing periodontitis with accuracy, efficiency, and standardization. While challenges such as
image quality, data requirements, and model interpretability persist, Al shows promise in integrating
multivariable approaches for comprehensive diagnosis. The findings highlight the transformative role
of Al in dental care, addressing manpower shortages and improving patient outcomes while
emphasizing the need for further research to refine models and enhance clinical applicability.
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