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ABSTRACT

Introduction: Accurate radiographic detection and classification of periodontal osseous
defects are essential for prognosis and surgical planning in regenerative periodontology.
Traditional diagnostic methods offer limited morphological information, and interpreta-
tion can be operator-dependent. Recent advances in artificial intelligence (Al) have shown
potential in medical image analysis, but their application to detailed classification of peri-
odontal defects on periapical radiographs remains underexplored.
Methods: A total of 7464 periapical radiographs were retrospectively collected from the clin-
ical archive of the University Hospital of Cagliari. After expert annotation, 581 images con-
taining at least 1 periodontal osseous defect were included. Defects were categorised into 4
types: 1-wall defects, 2-or-more-wall defects, crater-like defects, and furcation involve-
ments. A YOLOvS large (YOLOVSI) object detection model was trained using a patient-inde-
pendent split (406 trainings, 58 validations, 117 testings). Performance was assessed using
mean Average Precision (mAP) at IoU thresholds of 0.5 and 0.5:0.95, as well as class-wise
precision and recall.
Results: The model achieved an overall precision of 0.592, recall of 0.435, and mAP@0.5 of
0.504. Furcation involvements showed the highest precision (0.669) and mAP@0.5 (0.577),
followed by crater-like defects and multi-wall defects. One-wall defects were the most dif-
ficult to detect. Qualitative analysis revealed that smaller or radiographically ambiguous
defects were more frequently missed.
Conclusions: Al-assisted object detection demonstrated feasibility in classifying periodontal
defects, but current performance remains limited. Although current performance is lim-
ited by dataset imbalance and the inherent constraints of 2D imaging, these models may
enhance diagnostic consistency and support treatment planning.
Clinical relevance: This study demonstrates the feasibility of using an Al-based object detec-
tion model to classify such defects on standard periapical radiographs. By supporting clini-
cians in the radiographic interpretation of defect morphology, the proposed system may
contribute to more consistent diagnoses, improved case selection, and enhanced predict-
ability of surgical outcomes in periodontal therapy.
© 2025 The Authors. Published by Elsevier Inc. on behalf of FDI World Dental Federation.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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The treatment of periodontal intrabony defects has long
posed a clinical challenge. Before the advent of regenerative
techniques, therapeutic strategies relied on resective or
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access flap surgery, aiming primarily at pocket reduction
rather than reconstruction of lost attachment.’ In a seminal
1967 report, the anatomical complexity of vertical bone
defects and the limited healing capacity of conventional
approaches were described.* The paradigm shifted in the
1980s with the biological framework proposed by Melcher
and the histologic studies by Nyman et al., which demon-
strated that selective repopulation of the wound by periodon-
tal ligament cells could lead to true regeneration of the
attachment apparatus.>°

Over the last 3 decades, clinical trials and reviews have
established the efficacy of regenerative therapies, such as
guided tissue regeneration, enamel matrix derivatives, and
bone grafts, in achieving new bone, cementum, and peri-
odontal ligament formation.”** However, regenerative out-
comes are strongly influenced by defect morphology. Narrow,
deep, and containing defects offer a predictable environment
for regeneration, whereas wide, shallow, or 1-wall defects are
less responsive.’>*” Thus, accurate characterisation of defect
anatomy is essential for case selection, prognosis, and surgi-
cal planning.

Traditional assessment of defect morphology relies on
clinical probing and intraoperative findings, with limited pre-
dictive value from standard radiographs. Yet, radiographs
remain the most commonly used diagnostic tool in daily peri-
odontal practice. This gap between clinical need and diagnos-
tic capacity presents an opportunity for artificial intelligence
(Al)-based solutions. Object detection models have demon-
strated promising performance in real-time medical image
analysis, balancing accuracy and speed.’®**

In recent years, studies have investigated the application
of machine learning models in periodontology, particularly
for the radiographic detection of periodontal bone loss. Most
of these efforts have focused on panoramic radiographs,
leveraging their wide anatomical coverage for automated
assessment of periodontal status. A more limited number of
studies have explored the use of periapical radiographs,
which provide greater detail at the site level and are more
commonly used in daily periodontal diagnostics.?”** Building
upon this growing body of research, it would be relevant to
explore whether deep learning-based object detection
approaches can effectively address the classification of peri-
odontal osseous defects on intraoral radiographs. Previous Al
studies have addressed periodontal bone loss detection (often
on panoramic X-rays or focusing on single defect types); here
we extend this work by using periapical radiographs for
detailed classification of individual defect morphologies.?***
In routine periodontal practice, the initial diagnostic imaging
relies on a full-mouth series of 2D periapical radiographs.
Consistent with the ALARA (As Low As Reasonably Achiev-
able) principle, CBCT is considered a second-level exam and
is not routinely indicated at the initial periodontal assess-
ment. Our study, therefore, focuses on the radiographic sce-
nario that clinicians commonly face in daily care.

The present study aims to explore the feasibility of devel-
oping an Al-based model for the automatic detection and
classification of periodontal infrabony and furcation defects
on intraoral radiographs. By leveraging deep learning techni-
ques, the study seeks to assess whether clinically relevant
bony defects can be identified and categorised according to

their morphology using standard periapical imaging. Such a
tool could support clinical decision-making by providing
objective, reproducible diagnostic information, potentially
improving case selection and treatment planning in regener-
ative periodontology.

Materials and methods

This study was approved by the Territorial Ethics Committee
of Sardinia (RAS A00 12-01-00 Prot. n. 18698, session no. 48 of
June 24, 2025) and has been registered at ClinicalTrials.gov
NCT07086625. All procedures were conducted in accordance
with the Declaration of Helsinki and reported according to
the 2024 CLAIM (Checklist for Artificial Intelligence in Medical
Imaging) reporting guidelines.”

The study followed a cross-sectional, diagnostic design
and consisted of 2 main phases: (1) the development and
training of an Al model for the automatic detection of peri-
odontal osseous defects, and (2) its validation on an indepen-
dent clinical dataset.

The available training dataset was composed of 7464
intraoral periapical radiographs retrospectively collected
from the clinical archive of the Dental Clinic of the University
Hospital of Cagliari. Out of 7464 collected radiographs, only
581 images that contained at least one identifiable infrabony
or furcation defect were ultimately included for model train-
ing and evaluation. The retrospective use of archived intrao-
ral radiographs for model development and testing was
possible in accordance with Article 9(2)(j) and Article 89 of the
General Data Protection Regulation (GDPR, EU 2016/679), and
with Article 110 of the Italian Legislative Decree 196/2003, as
amended by Legislative Decree 101/2018, given the large
number of patients, the retrospective nature of data collec-
tion and the objective impossibility to recontact individuals
to obtain specific consent. To this end, all radiographic
data were fully anonymised prior to analysis, with the
removal of any direct or indirect identifiers and implementa-
tion of technical and organisational measures to prevent re-
identification.

The study was conducted in full compliance with data
minimisation principles (Article 5.1.c GDPR) and with the
security, anonymisation, and accountability requirements
of Articles 24, 25, and 32 of the GDPR. The exclusive purpose
of data processing was scientific research in the public
interest, specifically aimed at improving diagnostic work-
flows in periodontology through Al-based image analysis.

Data sources and annotation

Annotation of the images was performed by 2 experienced
periodontists with over 10 years of clinical and academic
experience in the diagnosis and treatment of periodontal dis-
ease. The experts independently reviewed the radiographs
and identified periodontal defects according to well-defined
morphological criteria. Four categories were considered: ver-
tical defects with a single remaining wall, vertical defects
with 2 or more remaining walls, interproximal craters, and
furcation involvements. Annotation was conducted using
only the radiographic appearance of the defect, without
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access to clinical charts or surgical documentation, in order
to reflect real-world diagnostic conditions based solely on
imaging.

To promote consistency, the annotators were calibrated
through a preliminary review of a subset of 50 images, during
which labeling criteria and interpretation guidelines were
jointly discussed. For the main dataset, each image was inde-
pendently annotated by both experts using the Labellmg soft-
ware (Free software: MIT license, Tzutalin. Labellmg. Git code
(2015). https://github.com/tzutalin/labellmg), which allowed
for precise bounding box placement around the areas of
interest, thus generating a structured dataset for supervised
model training. In cases of disagreement between annotators,
the final label was established through consensus discussion.
No third reviewer was required.

After image annotation, a total of 7464 intraoral radio-
graphs were available for review. Among these, 581 images
were identified as containing at least one periodontal bone
defect and were therefore included in the development and
evaluation of the Al model.

To ensure robust model training and evaluation, the data-
set was divided into 3 subsets: training, validation, and test
sets. The split was stratified to maintain a representative dis-
tribution of the 4 defect categories (1-wall defects, 2-or-more-
wall defects, crater-like defects, and furcation involvements)
and to prevent any overlap of patient data between subsets.

Actual Bounding Boxes

Table 1 - Distribution of images and instances per class in
the training, validation, and test sets

Class Train Validation Test
(images/ (images/ (images/
instances) instances) instances)

1 58/63 12/12 17/18

2+ 220/246 26/29 55/59

Crater 89/93 16/17 26/27

Furcation 96/100 11/12 33/33

Total 406/502 58/70 117/137

1: 1 wall defect; 2+: 2 or 3 walls defects; Crater: crater-shaped inter-
proximal bone resorption; Furcation: furcation defects.

The final allocation consisted of 406 images for training, 58
for validation, and 117 for testing. Each image could contain
one or more annotated defects, as detailed in Table 1.

This stratified division allowed for both effective model
learning and an unbiased assessment of performance on pre-
viously unseen data. The training set was used to optimise
model parameters, the validation set to monitor learning and
prevent overfitting, and the test set to provide an indepen-
dent evaluation of the model’s ability to detect and classify
periodontal bone defects across all 4 clinically relevant cate-
gories (Figure 1).

Predicted Bounding Boxes

Actual Bounding Boxes

Predicted Bounding Boxes

Fig. 1- Comparison of actual and predicted bounding boxes for periodontal defects in radiographic images. The left panels dis-
play the ground truth bounding boxes for each defect, while the right panels show the bounding boxes predicted by the model.
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For the training phase, the YOLOvS8 (Ultralytics Inc.) model
in its large variant (YOLOv8I) was selected—a state-of-the-art
convolutional neural network optimised for object detection.
The architecture includes a backbone for feature extraction, a
neck for the fusion of spatial and semantic information, and
a head for class and bounding box prediction. YOLOVS8I is an
opensource model. Training was conducted on images stand-
ardised to a resolution of 640 x 640 pixels, with a batch size of
16 and optimisation via AdamW (learning rate 0.00125). Data
augmentation techniques (including rotations, translations,
and variations in brightness and contrast) were employed to
increase dataset variability and improve the model’s generali-
sation capability. The process was executed on high-perfor-
mance hardware (NVIDIA GeForce RTX 4090 GPU), utilising
mixed precision to optimise computational efficiency and
speed. Advanced interpretability tools were not employed;
however, a visual overlay of the model’s predictions on the
radiographs was provided, which is considered a minimal
and accepted form of explainability.

Model performance was evaluated on an independent test
set, separate from the images used for training and valida-
tion. Standard object detection metrics were adopted, includ-
ing precision (the proportion of correct predictions among all
positive predictions), recall (the proportion of correct predic-
tions among all actual instances), and mean Average Preci-
sion (mAP), calculated both at an Intersection over Union
(IoU) threshold of 0.5 (mAP@0.5) and across thresholds from
0.5 t0 0.95 (MAP@0.5:0.95). The IoU metric, defined as the ratio
between the area of overlap and the total area covered by the
predicted and ground truth bounding boxes, was used to
determine the correctness of predictions according to the fol-
lowing formula:

IoU = Areaofoverlap /Areaofunion

Operational thresholds were set for prediction confidence
(0.25) and IoU (0.6), in order to balance sensitivity and speci-
ficity in defect detection. The evaluation included both a
quantitative analysis of the metrics and a qualitative review
of the predictions, with particular attention to the challenges
encountered in detecting small or atypically shaped defects.

Results

On the test set, the model demonstrated a varied ability to
detect the different types of periodontal defects (Table 2). The
overall precision, which reflects the proportion of correctly
identified defects among all detections, was 0.592. The overall
recall, indicating the proportion of actual defects correctly

Table 2 - Performance results of the YOLOvS8 Model on the
test set

Class Precision Recall mAP@O0.5 mAP@0.5:0.95
1 0.600 0.333 0.400 0.157
2+ 0.518 0.508 0.495 0.205
Crater 0.581 0.444 0.541 0.209
Furcation 0.669 0.455 0.577 0.206
All 0.592 0.435 0.504 0.194

1: 1 wall defect; 2+: 2 or 3 walls defects; Crater: crater-shaped inter-
proximal bone resorption; Furcation: furcation defects.

detected by the system, was 0.435. The mean Average Preci-
sion at an IoU threshold of 0.5 (mAP@0.5) reached 0.504, while
the more stringent mAP averaged over IoU thresholds from
0.5 to 0.95 (mAP@0.5:0.95) was 0.194. In addition to the stan-
dard metrics we reported, we evaluated the detector at a
lower IoU threshold (0.25) on the test set. We obtain
mAP@0.25 = 0.555, thus not very different compared with
mAP@O.5 = 0.504.

A breakdown by defect class revealed differences in detec-
tion performance. For furcation involvements, the model
achieved the highest precision (0.669) and a recall of 0.455,
with a mAP@0.5 of 0.577. Crater-like defects were detected
with a precision of 0.581 and a recall of 0.444 (mAP@O.5:
0.541). The model’s performance for vertical defects with 2 or
more remaining walls was moderate (precision 0.518, recall
0.508, mAP@0.5: 0.495), while detection of 1-wall defects
proved more difficult, with lower recall (0.333) and mAP
(0.400 at IoU 0.5). Notably, the 1-wall defect class had the low-
est recall (and precision), which corresponds to this class
being the least represented in the training data.

Qualitative analysis of the model’s predictions confirmed
these trends. The system was generally able to correctly iden-
tify the location and type of more extensive and radiographi-
cally evident defects. However, false positives were observed,
especially in areas with overlapping anatomical structures or
radiographic artifacts, and false negatives were more com-
mon for defects with atypical morphology or limited size.
These limitations are likely related to the inherent complex-
ity of periodontal bone defect visualisation in 2-dimensional
radiographs, as well as to the class imbalance present in the
dataset.

Discussion

This study explored the feasibility of using a deep learning-
based object detection model to automatically detect and
classify periodontal osseous defects on standard intraoral
radiographs. The model was trained to recognise 4 clinically
relevant categories—1-wall defects, 2-or-more-wall defects,
crater-like defects, and furcation involvements—based on
expert-annotated periapical images. This approach aimed to
assess whether Al systems can support the diagnostic work-
flow in periodontology by providing consistent and morphol-
ogy-aware radiographic interpretation.

The mean Average Precision at an IoU threshold of 0.5
(mAP@O.5) reached 0.504, indicating that the model can iden-
tify a substantial proportion of clinically relevant periodontal
bone defects. However, with a precision of around 0.59 and a
recall of 0.43, the tool’s accuracy is not yet sufficient for clini-
cal use. It is important to contextualise these metrics from a
clinical standpoint. In practice, a diagnostic aid would likely
need to achieve much higher accuracy (eg, both precision and
recall well above 0.8) to be considered reliable. These results
should be viewed as a proof-of-concept; significantly higher
performance (closer to experienced clinicians’ accuracy)
would be required for a diagnostic application. Thus, while
the mAP of 0.50 demonstrates the model’s learning capability,
it is not sufficient for clinical adoption at this stage. Addi-
tional analysis at a relaxed IoU threshold (mAP@0.25 = 0.555)
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showed only a modest performance gain, suggesting that
localisation accuracy is not the primary limiting factor.
Rather, the main constraints appear to be missed detections
and occasional misclassification, particularly for the most dif-
ficult defect category. In other words, performance bottle-
necks are more often related to whether and what the model
detects, rather than how precisely it draws the bounding box.
Given the small size and ill-defined borders of many peri-
odontal defects, we acknowledge that exact box placement is
often arbitrary, and that correct classification is likely to be
more clinically meaningful than tight spatial localisation.

The highest precision was achieved with furcation and
crater defects, these findings indicate that the system is more
effective in identifying well-defined and larger defects, such
as furcation involvements, whereas smaller or less distinct
defects, particularly 1-wall vertical defects, are more fre-
quently missed or inaccurately localised.

In recent years, the application of artificial intelligence (AI)
to periodontal diagnostics has accelerated rapidly, driven by
the widespread adoption of deep neural networks and
increasing interest in automating diagnostic workflows.
Many of the most influential studies in this field have focused
on panoramic radiographs (OPG), exploiting the broad field of
view of these images to assess bone loss across the entire
dentition. While models developed on OPGs, such as U-Net,
Mask R-CNN, and other custom networks, have demon-
strated commendable accuracy in bone loss staging and in
classifying periodontitis according to the 2018 guidelines,*®
these techniques lack the level of detail needed to character-
ise individual defects and are less sensitive when detecting
localised defects, particularly in posterior regions and furca-
tion areas.’”**?”-? Most of these studies are limited to binary
classifications (presence/absence of bone loss) or to identify-
ing the general stage of disease, while research on specific
defect morphologies remains scarce.™

Conversely, the use of periapical radiographs represents a
more focused and detailed approach, particularly suited for
analysing the morphological characteristics of bone defects.
Recent studies employing this modality, such as Mao et al.,”*
have demonstrated the effectiveness of CNNs in detecting
furcation defects with high levels of accuracy. Nevertheless,
these works often limit their focus to specific defect types (eg,
furcations only), and the diagnostic analysis remains con-
fined to less articulated tasks compared to the complex vari-
ety of periodontal defects. Other models applied to periapical
radiographs, such as multitask InceptionV3?° and “hourglass”
architectures,®® have mainly concentrated on the quantita-
tive measurement of bone loss or on distinguishing between
mild and severe forms, without delving into detailed morpho-
logical differentiation. At the same time, the introduction of
end-to-end workflows and multimodal models, including
DualFit and other architectures integrating radiographic and
textual data via NLP, has opened interesting avenues for
automated clinical staging, although these approaches have
yet to address the specific problem of defect-type
identification.”®?’

Against this backdrop, our study stands out for several
original contributions and added value. By using periapical
radiographs, we aimed to leverage improved site-specific

detail compared to panoramic images. However, we

acknowledge that 2D radiographs cannot reliably capture full
3-dimensional morphology, particularly in the buccolingual
dimension. Thus, while intraoral images allow classification
of common patterns, some morphological uncertainty
remains—especially for crater-type or contained defects with
intact cortical plates.”** In contrast to prior studies that
focused on detecting overall bone loss or isolated furcation
involvement,*®?*?* our model attempts to distinguish multi-
ple defect categories—1-wall, >2-walls, crater, and furcation
—based on radiographic morphology alone. To our knowl-
edge, this is the first application of deep learning object detec-
tion to site-level morphological classification of periodontal
defects on periapical radiographs. However, 2D imaging can-
not resolve buccolingual morphology and may under-detect
defects masked by intact cortical plates. Accordingly, full
morphological classification remains uncertain on 2D images
and requires clinical/surgical verification. Unlike much of the
existing literature, our model does not confine itself to gen-
eral staging or binary discrimination; rather, it aims for fine-
grained classification of different types of bone loss, reliably
and automatically distinguishing between vertical defects,
multi-wall defects, and furcation involvement. This level of
diagnostic granularity marks a significant advance over previ-
ous models, which often only detected the presence or extent
of bone loss without -characterising its precise
morphology.?**

From a technological standpoint, our study is also note-
worthy for employing the YOLOv8 large architecture, an
object-based detection strategy that, unlike classical segmen-
tative or classificatory pipelines, enables rapid, localised, and
potentially more robust identification of clinically relevant
defects. In the landscape of YOLO-based studies in dental
radiology, very few have explored this architecture, and gen-
erally for broader objectives such as diagnosing periodontitis
or caries on bitewing images,’ never extending the analysis
to the morphology of individual periodontal defects. This
architectural choice also impacts the practical usability of the
pipeline, which approaches real integration into daily work-
flows thanks to extremely fast inference times and an output
format readily interpretable by clinicians.*’

Another strength of our study concerns the clinical utility
of the generated data: the ability to distinguish between cate-
gories such as vertical defects and furcation involvement is
not only a technically relevant result but also provides genu-
ine decision support for clinicians—guiding the selection of
candidates for regenerative procedures and identifying thera-
peutic challenges with higher accuracy, as highlighted by sev-
eral recent systematic reviews and clinical trials.?>** In
summary, our contribution addresses a distinct gap in the
international literature, expanding the capabilities of Al sys-
tems for periodontal diagnosis from simple quantitative or
staging evaluation to comprehensive morphological charac-
terisation—a key prerequisite for personalised medicine and
advanced treatment planning.

However, this study has several limitations. First, the
dataset of 581 radiographs, while the maximum we could
obtain with confirmed defects and adequate for a proof-of-
concept study, is relatively small for a deep learning task
with 4 classes. This limited quantity of training data may
have restricted the model’s ability to capture the full
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variability of defect presentations, thereby impacting its
robustness. Moreover, the radiographs were all obtained
from a single institution using the same imaging system.
This homogeneity may limit the model’s generalisability; the
algorithm could be attuned to center-specific imaging fea-
tures, raising the risk of overfitting. Validation on external
datasets from different populations and radiographic equip-
ment is needed to ensure broader applicability. Although the
model was able to classify defects into 4 categories, the
imbalance in class representation—particularly the relative
scarcity of 1-wall defects—may have influenced performance.
We did not implement specific measures (eg, oversampling or
loss weighting) to counter this imbalance, which likely con-
tributed to the model’s difficulty in detecting the minority
class. Addressing this in future research (through data aug-
mentation or specialised training strategies) may improve
performance. The use of 2-dimensional radiographs imposes
inherent constraints in assessing 3-dimensional anatomical
structures, particularly in cases of buccolingual defects or
overlapping anatomical features. As demonstrated in previ-
ous studies,’®** the exact morphology and number of
remaining bony walls cannot be reliably determined from
2D radiographs. Our reference standard therefore reflects a
radiographic consensus rather than true anatomical ground
truth. Consequently, the model is inherently limited by the
same diagnostic constraints and subjectivity affecting clini-
cian interpretation, and its outputs should be understood
as reproducing radiographic appearances rather than accu-
rately reconstructing underlying 3-dimensional defect mor-
phology. While periapical images allow reasonably accurate
discrimination between 1-wall and multi-wall defects
(hence the classification into “1” and “2+” categories) the
exact number of remaining walls (eg, 2 vs 3) cannot be reli-
ably inferred from radiographic grayscale alone. Such dis-
tinctions often require direct intraoperative assessment. In
fact, certain defects initially interpreted as 1-wall based on
radiographic appearance may later reveal additional resid-
ual walls upon flap reflection. Although 3-dimensional
imaging modalities like cone-beam computed tomography
(CBCT) could, in theory, improve anatomical characterisa-
tion, their routine use in periodontal diagnosis is not justi-
fied due to radiation exposure, cost, and limited clinical
applicability in this context. Thus, any Al model trained on
periapical images must necessarily operate within these
intrinsic anatomical and imaging constraints. Our labels
constitute a radiographic (2D) consensus rather than surgi-
cal/CBCT ground truth; therefore, the model’s outputs
should be interpreted as radiographic assistance within the
initial diagnostic workflow, consistent with ALARA and cur-
rent periodontal practice. Furthermore, our validation was
performed on a hold-out portion of the same dataset; no
independent external test was conducted. This lack of
external or prospective validation limits the strength of our
conclusions regarding clinical applicability.

As there are no published models addressing the exact
task of defect-type classification on periapical radiographs,
direct performance comparison is not available. We recognise
this as a limitation and an area for future work (eg, testing
alternative architectures or comparing against clinician read-
ings).

While challenges remain, the findings underscore the
potential of Al-assisted systems to support radiographic diag-
nosis of periodontal bone loss. The model’s capacity to iden-
tify a range of clinically relevant defect types—even with
moderate sensitivity—suggests that such tools could function
as useful adjuncts in clinical workflows, contributing to more
consistent and efficient defect detection and choice of ther-
apy after periodontal re-evaluation.®” Future enhancements,
including the expansion of training datasets, optimisation of
augmentation techniques, and exploration of alternative
model architectures, are likely to further improve accuracy
and generalisability.

Conclusion

This study demonstrated the feasibility of using a deep
learning-based object detection model to identify and clas-
sify periodontal infrabony and furcation defects on stan-
dard intraoral radiographs. By distinguishing between
clinically relevant defect morphologies, the model offers a
proof of concept for Al-assisted tools that could support
periodontal diagnosis and treatment planning. Although
current performance is limited by dataset constraints,
class imbalance, and the intrinsic limitations of 2-dimen-
sional imaging, the results highlight the potential clinical
utility of such systems. Further developments—such as
expanding annotated datasets, refining model architec-
tures, and validating performance in prospective, real-
world settings—will be essential to translate these tech-
nologies into effective diagnostic support tools in daily
periodontal practice. Future studies with larger and more
varied radiographic datasets are needed to improve the
model’s accuracy and reliability, and should validate the
model on external datasets or in a prospective clinical
study to confirm its diagnostic performance and generalis-
ability.
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