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Abstract

Temporomandibular joint osteoarthritis (TMJOA) is a degenerative disorder that causes pain, functional
impairment, and reduced quality of life. Traditional diagnostic methods, such as manual radiographic
assessments, are time consuming and prone to subjectivity. Recent advancements in artificial intelligence (Al),
particularly deep learning models, offer promising solutions for automated and accurate TMJOA detection.
This review comprehensively examines Al-based approaches, including Convolutional Neural Networks
(CNNs), YOLO variants, and hybrid architectures, for diagnosing TMJOA using imaging modalities like
panoramic radiographs, cone-beam computed tomography (CBCT), and magnetic resonance imaging (MRI).
Key studies demonstrate that AI models achieve high accuracy in condylar segmentation, bone deformation
classification, and early OA detection, often outperforming traditional methods. However, challenges such as
dataset limitations, model generalizability, and clinical validation remain. The integration of Al with
biomechanical and clinical data further enhances diagnostic precision, supporting personalized treatment
strategies. This review highlights Al’s transformative potential in TMJOA diagnosis while emphasizing the
need for standardized protocols and multicenter collaborations to improve clinical adoption.

Keywords: Tempo-mandibular joint (TMJ), Tempo-mandibular Joint Osteo-Arthrosis (TMJOA), Convolution
Neural Network (CNN), medical Imaging.

1. Introduction smooth coordination between the muscles, bones,
Jaw movement plays a crucial role in our daily life, and joints. Disruptions in this system, such as
as it is essential for basic functions such as temporomandibular joint (TMJ) dysfunction or
speaking, chewing, swallowing, and expressing osteoarthritis, can lead to significant pain,
emotions. Proper movement of the jaw ensures functional impairment, and reduced quality of
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life.Osteoarthritis (OA) is a common and
progressive degenerative joint disorder that leads to
structural changes within the joint, causing pain
and reduced mobility. Weight-bearing joints such
as the knees, hips, spine, and fingers are most
frequently affected due to continuous mechanical
stress  {Citation}[1].While osteoarthritis is
commonly seen in joints like the knees, hips, and
hands, it's important to note that it can also affect
other areas such as the wrists, shoulders, ankles,
and even the temporomandibular joint (TMJ),
which connects the jaw to the skull. When
osteoarthritis affects the TMJ, it can lead to the
deterioration of joint cartilage, the underlying bone,
the synovial lining, and nearby tissues [2]. Over
time, this results in noticeable changes like
reshaping of the joint, cartilage wear and tear,
reduced joint space, and problems with movement.
People with TMJ osteoarthritis may experience
symptoms such as jaw pain, stiffness, difficulty
opening the mouth fully, clicking or grinding
sounds, and trouble chewing or speaking. Globally,
osteoarthritis affects around 15% of the population,
making it a major contributor to disability across
the world [3]. In computer vision, Deep
Convolutional Neural Networks (DCNNs) work
very well. They are used in many tasks like
understanding videos, finding objects in pictures,
cutting out parts of images, sorting images into
groups, recognizing speech, and understanding
human language [4]. One of the hardest and most
important jobs in computer vision is object
detection, which means finding and recognizing
objects in images or videos [5]. This review
explores the implementation of a neural network-
based Al model for the radiographic detection of
TMIJ-OA. The study aims to evaluate the
effectiveness and reliability of AI assisted
diagnosis in improving clinical outcomes and
supporting decision-making in dental and medical
practice. And to analyse current detection methods
and see which one is better. In this paper, we review
over 50 research studies on Al-based detection of
temporomandibular joint osteoarthritis (TMJOA)

to evaluate which models are best suited for this
task and how each model performs across different
imaging modalities and diagnostic objectives. By
consolidating and comparing reported results, we
aim to identify performance trends, methodological
strengths, and areas where current approaches can
be improved. This work does not propose or
implement a new Al model; rather, it is a review
paper that systematically examines existing studies
to compare methodologies, performance, and
applicability of Al-based approaches for TMJOA
detection. Manual Methods for TMJ Assessment
The most commonly used methods to assess
vertical condylar asymmetry are those developed
by Kjellberg [15] and Habets [16], where the
former calculates a symmetry index based on
condylar and ramus height ratios, while the latter
uses a linear asymmetry index derived from the
height difference between the left and right
condyles [17]. The Habets method is a widely used
technique for evaluating vertical asymmetry of the
mandibular condyles using panoramic radiographs.
It involves measuring the vertical heights of the
condyle and ramus on both sides of the mandible
and calculating an asymmetry index (Al) to
quantify differences [15]. The asymmetry index is
calculated using the formula: AI (%)= (R —L) (R
+ L) X 100 (1). An Al greater than 6% is considered
indicative of significant asymmetry [16]. This
method is particularly useful in orthodontics and
for diagnosing temporomandibular joint (TMJ)
disorders, as it provides a simple and non-invasive
means to assess mandibular asymmetry. The
Kjellberg method focuses on assessing condylar
asymmetry by calculating the ratio of condylar
height to the total height of the mandibular ramus
using panoramic radiographs. This ratio helps in
determining the symmetry between the left and
right condyles [18]. The method involves
measuring: Condylar Height (CH): Distance from
the most superior point of the condyle to the
mandibular notch.Ramus Height (RH): Distance
from the mandibular notch to the gonion (the most
posterior-inferior point on the angle of the
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mandible) [19]. A symmetry index less than 93%
indicates significant asymmetry [20]. This method
is valuable in clinical settings for evaluating
patients with TMJ disorders, facial asymmetries,
and for planning orthodontic or surgical
interventions. Both methods provide clinicians and
researchers with reliable tools for assessing
mandibular asymmetry, aiding in the diagnosis and
treatment planning of TMJ disorders and related
conditions. Manual measurement methods such as
those proposed by Habets et al. and Kjellberg et al.
have traditionally been employed for evaluating
condylar asymmetry and deformation using
panoramic radiographs. While these techniques
offer a basic, accessible framework for asymmetry
index calculation, they are significantly limited by
several factors. One major drawback is the inter-
and intra-observer variability, where repeated
measurements by the same or different observers
may lead to inconsistent results due to subjective
landmark identification [21,22]. Moreover, these
methods are dependent on 2D panoramic
radiographs, which inherently distort the true
anatomical structure due to projection errors,
magnification, and superimposition of adjacent
tissues, leading to reduced diagnostic accuracy
[23]. Additionally, head positioning errors during
radiograph acquisition can significantly impact
measurement  reliability,  especially  when
evaluating bilateral condylar morphology [24].
These methods are also time consuming, requiring
manual tracing and measurement, which limits
scalability and integration into modern digital
workflows. The rise of Al and 3D imaging
modalities, particularly CBCT, offers more precise
and reproducible alternatives, enabling automated
detection of condylar deformation with greater
accuracy and objectivity [25,26].

2. Methodology

Kim et al. [27] developed an Al model to
automatically detect TMJOA using CBCT images.
A dataset of 3,514 side-view CBCT images
showing bone changes in the jaw joint was used.
The authors trained a single-shot detection (SSD)

model to classify the region of interest into two
categories. The model achieved an accuracy of
86%, with a precision of 85%, recall of 84%, and
F1 score of 84%. These results indicate the
potential of Al to support early and automated
TMJOA diagnosis. The authors suggested
incorporating additional data such as clinical signs,
demographic information, and medical history to
enhance diagnostic performance further. Kim et al.
[28] proposed an Al-driven system for detecting
TMI osteoarthritis using panoramic dental X rays.
The study utilized convolutional neural networks
(CNNs) and Faster R-CNNs for mandibular
condyle localization and condition classification. A
dataset of 1,000 retrospectively collected
panoramic images was annotated into normal,
abnormal, and unreadable categories. To enhance
model training, data augmentation techniques such
as rotation and shifting were applied. The Faster R-
CNN model achieved condyle detection precision
of 99.4% (right) and 100% (left) at IoU > 0.5. For
OA classification, the CNN model attained a
sensitivity of 0.54, specificity of 0.94, and accuracy
of 0.84. Despite its reliance on panoramic imaging,
which lacks 3D detail, the system shows promise as
a preliminary diagnostic aid. The study
recommends future improvements like integrating
CT data, symmetry analysis, and expanded
datasets. Eun-hye Choi et al. [29] collected
orthopantomogram (OPG) images from patients at
the Orofacial Pain Clinic, Seoul National
University  Dental  Hospital, to  detect
temporomandibular joint osteoarthritis (TMJOA).
They employed a two-step model combining Faster
R-CNN with Inception V3 for identifying the
region of interest (ROI) and Keras’ ResNet model
for classification. The images were categorized into
normal, indeterminate, and OA. The AI model's
performance was suboptimal, achieving an
accuracy of 78%, sensitivity of 73%, and
specificity of 82%. This study demonstrates the
potential of Al in assisting diagnosis, particularly
in clinical settings lacking access to specialists or
advanced imaging like CT. Ribera et al. [30]
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utilized the ShapeVariation Analyzer deep learning
model to classify mandibular condyles based on
morphological shape. Mesh-based features,
including normal vectors, curvature, distances,
shape index, curvedness, position, and heat kernel
signatures, were extracted for classification. The
model achieved a maximum training accuracy of
92%. This study also emphasized the use of web
based platforms for multi-centre data processing
and AI model deployment. These approaches
provide considerable support in achieving
personalized and precise TMJOA diagnosis.
Precision (P) = Recall (R) = True Positive True
Positive + False Positive True Positive True
Positive + False Negative (2) (3) F1 Score (F) =
2X(PrecisionXRecall) (4) Precision+Recall Han et
al. [31] introduced a deep learning model using a
modified U-Net and CNN to measure mandibular
condyle cortical bone thickness from 12,800 CBCT
images. The model achieved intersection-over-
union (IoU) scores of 0.870 for marrow bone and
0.734 for cortical bone. A 3D color map was also
generated, closely resembling ground truth
annotations. This approach enables automated
monitoring of bone health in the TMJ region. In a
study by Jung et al. [32], researchers created a
diagnostic tool powered by deep learning to
differentiate between normal and osteoarthritic
temporomandibular joints (TMJ) using panoramic
X-ray images. They worked with a dataset of 858
images from 518 individuals, which they divided
into training, validation, and test sets in a 60:20:20
ratio. Two well-known pretrained convolutional
neural networks— ResNet-152 and EfficientNet-
B7—were used through transfer learning to classify
the images. The models’ effectiveness was
assessed based on metrics such as accuracy,
specificity, sensitivity, and area under the curve
(AUC), and Grad-CAM was used to visually
interpret which image features the models focused
on. The results showed high accuracy, with
ResNet-152 achieving 87% and EfficientNet-B7
slightly higher at 88%. Interestingly, both models
outperformed general dentists and TMD specialists

in diagnosing osteoarthritis from these images,
highlighting the potential of Al-assisted panoramic
imaging as a reliable screening approach for TMJ
OA. Kong et al. [33] created an Al-based system
for diagnosing TMJ disorders using MRI. The
model segmented the TMJ disc, condyle, and
temporal bone to assess pathology risk. With a
sensitivity of 98.8%, the system effectively
identified abnormal cases, though limited dataset
size affected generalizability. Authors called for
larger multi-center datasets and standardized
protocols to improve accuracy and clinical
adoption. Chang et al. [34] proposed an Al-based
system to detect TMJ disc displacement (TMJDD)
using sagittal MRI. Their study involved 52
patients and 32 healthy controls. A U-net
architecture was used for segmenting the joint
cavity, followed by classification using
InceptionResNetV2, InceptionV3, DenseNetl69,
and VGG16 models. InceptionV3 achieved the
highest performance with a recall of 1, precision of
0.81, accuracy of 0.85, and F1 score of 0.9. These
results show promise for automated MRI based
TMIDD detection. Almasan et al. [35] conducted a
systematic review and meta-analysis to assess the
role of Al in TMJOA diagnosis using cone-beam
computed tomography (CBCT) and panoramic
radiography. The review synthesized data from
seven selected studies, involving 10,077 TMJ
images. Transfer learning, specifically ResNet
models, was widely used. The analysis included the
application of QUADAS-2 and MI-CLAIM tools to
evaluate bias and model reporting quality. A pooled
sensitivity of 0.76 and specificity of 0.79 were
reported. Furthermore, the study explored the
integration of 3D condylar shape analysis,
radiomics, clinical, and proteomic data to improve
diagnostic accuracy. Model performance improved
notably when indeterminate cases were excluded
and models were fine-tuned. Eser et al. [36]
evaluated the performance of the YOLOVS
architecture for segmenting TMJ and classifying
OA conditions in sagittal CBCT images. A dataset
comprising 2000 sagittal CBCT sections was used,
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categorized into four groups: healthy, erosion,
osteophyte, and flattening. The YOLOvVS model
achieved a sensitivity of 1, precision of 0.7678, F1
score of 0.8686, and overall classification accuracy
of 76.78%. Prediction accuracy for healthy joints
was 88%, flattened joints 70%, erosion 95%, and
osteophyte 86%. The study validated the potential
of YOLOVS as a clinical decision-support tool for
early TMJOA diagnosis. James et al. [37]
systematically reviewed how clinical variables,
diagnostic parameters, and image acquisition
techniques influence deep learning applications for
TMIJ diagnosis. Using PRISMA guidelines, they
evaluated 20 studies from multiple medical
databases and assessed their quality using MI-
CLAIM and GRADE frameworks. Key inputs for
deep learning models included radiographic
metrics like bone volume and trabecular patterns,
as well as MRI features such as joint space
narrowing and disc morphology. Their review
showed that Al performed comparably to clinicians
for detecting OA from radiographs but had lower
performance on disc disorders using MRI. Data
quality, inconsistent standards, and imaging bias
were cited as limitations. Ozsar1 et al. [38]
reviewed the application of Al in TMJ diagnostics
by analyzing 66 studies across multiple categories
including segmentation (11 studies), Juvenile
Idiopathic ~ Arthritis  (3), TMJOA  (10),
Temporomandibular Joint Disorders (21), decision
support systems (6), reviews (10), and sound
analysis (5). The review emphasized the increasing
adoption of AI for TMJ research and the diverse
range of applications across clinical and research
domains. Esra et al. [39] reviewed deep learning
approaches for detecting dental diseases using a
corpus of 101 eligible articles from 2019 to May
2023. The majority of studies focused on
classification (51 studies) wusing panoramic
radiographs (55 studies). Pretrained networks such
as Faster R-CNN, YOLO, and U-Net were
commonly used. However, explainability and
human-AI comparison were limited. The authors
emphasized the need for reproducibility and

clinical safety to support practical implementation.
Figure. 2 showcases two analytical views relevant
to the application of Al in temporomandibular joint
(TMJ) diagnostics. The waterfall chart on the left
quantifies the cumulative accuracy contributed by
each Al model, revealing that models like ResNet,
DenseNet169, and InceptionV3 significantly boost
overall performance. YOLOvV5 and R-CNN also
contribute substantially, emphasizing their utility in
clinical image interpretation. On the right, the pie
chart visualizes the proportional usage of Al
techniques across reviewed studies. CNN
dominates with 25% representation, followed by
YOLO (20%) and ResNet (15%), highlighting
current  research  preferences. This  dual
representation aids in understanding not only
model effectiveness but also the popularity of
techniques employed in TMJ analysis. Sunaina et
al. [40] investigated the potential of artificial
intelligence (Al) to enhance the diagnosis of
temporomandibular joint (TMJ) osteoarthritis
using cone-beam computed tomography (CBCT)
images. Recognizing the limitations of subjective
human interpretation, the study aimed to develop
and validate an Al model for accurate TMJ
osteoarthritis detection. A total of 2,737 CBCT
images from 943 patients were used to train and
validate a convolutional neural network, with
object detection integrated through a single-stage
regression model. Diagnostic performance was
evaluated using a test set of 350 images, assessed
independently by two expert evaluators following
the Diagnostic Criteria for Temporomandibular
Disorders (DC/TMD). Compared to an experienced
oral radiologist, the AI model demonstrated
significantly better agreement with the gold
standard. Notably, Cohen's kappa showed
statistically ~ significant ~ improvements  in
diagnosing all TMJ osteoarthritis signs collectively
(P = 0.0079) and subcortical cysts (P = 0.0214).
This highlights Al's potential to reduce
interpretation subjectivity and speed up TMJ OA
diagnostics. Xiang et al. [41] developed a
cephalogram-based nomogram model to screen for
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DJDs. Using data from 502 patients and 36
cephalometric features, a logistic regression-based
model was created. The final score integrated 22
significant variables and clinical features. The
model achieved an AUC of 0.893 and showed good
calibration, indicating strong predictive utility for
early DJD detection in clinical dentistry. Fontana et
al. [42] introduced the EHPN (Ensemble via
Hierarchical Predictions through Nested cross
validation) model to forecast TMJ OA progression.
In a longitudinal study of 106 subjects, the model
incorporated 18 machine learning and statistical
techniques. EHPN achieved 0.87 accuracy, 0.72
AUC, and 0.82 Fl-score. SHAP analysis
highlighted key biomarkers (e.g., VEGF, ENA-78)
and patient variables (e.g., headache, sleep quality).
The study emphasizes personalized diagnostics and
precision medicine for TMJ OA. Table 1 presents a
consolidated benchmark of Al-based
temporomandibular joint osteoarthritis (TMJOA)
detection studies reviewed in this paper. It
compares key aspects such as imaging modality,
model architecture, dataset size, performance
metrics, and unique features. This comparative
analysis highlights trends, strengths, and research
gaps, providing a structured view of the current
state of the art. Duman et al. [43] examined the
potential of YOLOVS for early TMJOA detection
from CBCT sagittal images. Using 2000 images
from 290 patients, the model was trained to
segment the TMJ and classify it into healthy,
erosion, osteophyte, and flattening categories. The
segmentation task yielded high scores (sensitivity:
1, precision: 0.9953, F1: 0.9976, AUC: 0.9723),
while classification accuracy was 76.78%. The
results highlight the suitability of YOLOvS for
rapid, automated TMJ diagnostics. Ibrahim et al.
[44] investigated variability in mandibular condyle
morphology by developing a deep learning-based
detection method using YOLOvS8 for ROI
localization and MobileViT for feature extraction.
They also implemented a modified Mountaineering
Team-Based Optimization (MTBO) algorithm for
feature selection. Using a dataset of 3000

panoramic images categorized into round, pointed,
angled, and flat condyle shapes, their model
achieved 81.5% accuracy in binary and 83.5% in
multi-class  classification tasks. The study
demonstrates how advanced DL architectures and
optimization algorithms can enhance
morphological characterization of the TMJ. Zhu et
al. [45] developed a deep learning-based diagnostic
system to assess anterior disc displacement (ADD)
in the TMJ wusing MRI Leveraging the
ResNet101_vd architecture, the model was trained
to detect regions of interest, segment anatomical
structures, and classify ADD conditions. A total of
1,458 MRI scans were used, with data split across
two hospitals. Four models were implemented:
ROI  detection, segmentation, and two
classification models (with and  without
segmentation). The segmentation-based
classification model achieved precision rates above
92%, outperforming the non-segmentation
approach. Grad-CAM heatmaps and annotated
segmentations improved clinical interpretability.
Despite minor external testing performance drops,
the system showed robust diagnostic capabilities
for TMJ ADD. The reviewed studies collectively
demonstrate an evolving landscape of deep
learning approaches for TMJOA detection. Figure
1 systematically compares the frequency and
application of architectures across these studies.
YOLO (You Only Look Once) and CNN-based
frameworks (e.g., ResNet, InceptionV3) are most
prevalent due to their efficacy in object detection
and image classification tasks. U-Net dominates
segmentation workflows (e.g., condyle
localization), while hybrid models (e.g., Faster R-
CNN + ResNet) address multi-stage challenges like
ROI detection followed by classification. Recent
works increasingly adopt optimized architectures
(e.g., YOLOvV5/YOLOvVS, MobileViT) and feature-
engineering techniques (e.g., radiomics, shape
analysis), indicating a shift toward computational
efficiency and multimodal integration. Elizabeth et
al. [46] introduced a hybrid framework combining
3D explainable deep learning with multiscale
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biomechanical modeling to analyze TMJ disorder
etiology. A 3D-CNN was used to identify
morphological risk features across condyle, ramus,
and chin regions. These Al-derived insights guided
biomechanical simulations, which revealed that
flatter condylar shapes and smaller mandibles
increase joint loading, reduce nutrient diffusion,
and elevate disc strain energy. This integrative
method enhances the mechanistic understanding of
TMJ pathologies and expands Al's applicability
even in smaller datasets. Across the reviewed
studies, dataset usage varied considerably between
models. For instance, YOLOvVS was commonly
applied to CBCT datasets, with sample sizes
ranging from 2,000 sagittal sections to over 12,000
images in certain segmentation studies.
InceptionV3 appeared in MRI-based TMJ disc
displacement detection, typically on smaller
datasets of fewer than 100 subjects, while ResNet
variants (e.g., ResNet-152, ResNet-101) were
trained primarily on panoramic radiographs or MRI
scans, with dataset sizes spanning from under 1,000
to more than 1,400 images. EfficientNet-B7 was
evaluated on panoramic radiographs in datasets of
around 850 images. In several cases, the exact
dataset size, acquisition parameters, and metric
computation procedures (e.g., whether accuracy
was calculated on validation or independent test
sets) were not reported, limiting the ability to
directly compare performance across models. This
heterogeneity should be considered when
interpreting Figures 2—4, as differences in sample
size, modality, and metric definitions may
influence reported performance as much as, or
more than, the model architecture itself. Figure. 3
provides a dual-chart comparison to analyse the
prevalence and performance of various Al models
applied in temporomandibular joint (TMJ)
research. The left panel illustrates the number of
times each model appears in the literature, with
CNN and YOLO emerging as the most frequently
utilized architectures. This indicates their
dominance and reliability in image-based
diagnostics. The right panel presents the sum of

accuracy and error values for the key models,
showcasing  that models like  ResNet,
DenseNet169, and InceptionV3 consistently
demonstrate high accuracy with relatively low error
rates. These insights highlight the evolving
preference for more accurate and computationally
efficient models in TMJ osteoarthritis diagnosis.

Jong Huyn et al. [47] evaluated CNNs for detecting
TMI effusion from MRI, also testing the benefit of
integrating clinical data. Using 2,948 MRI scans
from 1,474 patients, three CNN training strategies
were compared: from scratch, fine-tuning, and
freezing. The fine-tuned model on proton density
(PD) images yielded the best AUC (0.7895),
outperforming human experts in specificity
(87.25% vs. 58.17%) though trailing in sensitivity
(57.43% vs. 80.00%). Grad-CAM confirmed the
model’s clinical relevance. An ensemble DNN
incorporating clinical features improved AUC to
0.8258, particularly for patients aged 41-60. These
findings demonstrate the diagnostic enhancement
possible through multimodal Al integration. Gwan
et al. [48] proposed a deep learning approach for
3D segmentation of the mandibular condyle using
CBCT. From 99 patients, 2D sagittal, coronal, and
axial slices were extracted and reconstructed into
3D volumes via a U-Net model. Coronal and axial
slices yielded Dice scores of 0.92, higher than
sagittal (0.82). Errors due to non-uniform image
quality were partly corrected via post-processing.
This method provides accurate 3D reconstructions
for TMJ evaluation, especially useful in anatomical
abnormalities. Figure. 4 chronologically maps
architectural trends in TMJOA detection research,
revealing distinct evolutionary phases. Early
studies (2020-2021) predominantly utilized Single-
Shot Detectors (SSD) and foundational CNNs like
ResNet, prioritizing basic localization capabilities.
Subsequent years (2022-2025) witnessed rapid
adoption of advanced architectures YOLO variants
(v5/v8) emerged as dominant frameworks, offering
improved speed-accuracy balance for condylar
pathology detection, Transformer-based models
(Swin-Transformer) gained traction for capturing
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long-range dependencies in 3D CBCT volumes
[31] Hybrid architectures proliferated, combining
CNNs with ViT or optimization algorithms for
enhanced feature extraction. Yukiko et al. [49]
evaluated DL models (GoogLeNet and VGG-16)
for condylar OA detection using panoramic TMJ
projection images in patients with dentofacial
deformities. Three image types—Con-Pa, Open-
TMJ, Closed-TMJ—were analyzed. Open-TMJ
images provided the highest AUC (0.89 for both
models),  significantly  outperforming  the
performance of novice residents. This suggests that
DL models can aid inexperienced clinicians,
particularly when optimal image views are
available. Yiwei et al. [50] conducted a
comprehensive literature review to summarize
machine learning applications in diagnosing and
classifying temporomandibular disorders (TMDs).
The authors screened databases including PubMed,
Google Scholar, and Web of Science for articles
published until October 2024. The review
emphasized challenges such as dataset limitations,
diagnostic inconsistencies, and the need for large-
scale multicentre validations. It concluded that
while ML models are clinically promising, further
longitudinal studies are essential for generalization
and clinical adoption. Mahobiya et al. [51]
explored ML-based detection of bone deformation
using X-rays, CT scans, and MRIs. The study
stressed the potential of ML in enhancing
diagnostic ~ accuracy  while  acknowledging
challenges like privacy and interdisciplinary
collaboration. It highlighted the need for
collaboration between medical professionals and
Al developers to build reliable diagnostic systems.
Kader et al. [52] employed various deep learning
architectures on panoramic X-rays to identify TMJ
bone deformities. GoogleNet outperformed other
models, achieving a classification accuracy of
95.23%. The authors emphasized expanding
datasets and including multimodal inputs for
improving future model robustness.Lucia et al. [53]
analyzed pre- and post-operative CBCT scans of 17
Class III malocclusion patients undergoing

orthognathic surgery. Using deep learning, they
assessed condylar changes and observed minor
variations (less than 1 mm), including bone loss in
the superior region and formation on the lateral
side. This study underscores the importance of
accurate surgical planning and postoperative
assessment. Angela et al. [54] compared the
surgery-first approach (SFA) and traditional
surgery-late approach (SLA) using CBCT scans of
77 patients. Al-assisted analysis showed no
significant differences in post-surgical condylar
changes (0.41 mm for SFA vs. 0.36 mm for SLA),
demonstrating AI’s utility in surgical outcome
tracking. Seong et al., [55] built an Al model for
screening degenerative joint disease (DJD) by
combining TMJ panoramic radiographs with joint
noise data. Of 3,908 final images (2,127 normal,
1,781 DJD), multiple models were tested using
combinations of crepitus, patient-reported noise,
and images. The best model, which integrated all
joint noise data with imaging, achieved an F1-score
of 0.72 and outperformed orofacial pain specialists.
This highlights the diagnostic value of combining
objective imaging with subjective patient inputs in
Al models. Ivanov et al., [56] focused on Al-based
segmentation of the TMJ articular disc using MRI,
addressing the gap in soft tissue analysis by
existing Al tools. A novel dataset of 94 annotated
images was augmented, and models including U-
Net, YOLOv8n, YOLOvV11n, and Roboflow were
trained. Roboflow outperformed others in Dice
Score, Sensitivity, and Mean Average Precision.
Future plans include integrating disc position and
jaw distance measurement algorithms to enhance
TMIJ pathology diagnostics.
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Figure 1. An OPG image showing the tempo
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Study Model Dataset Size Accuracy
Kim|[27] SSD 3,514 images Accuracy 86%
Kim|[28] CNN + Faster R-CNN 1,000 images

Accuracy 84%

Eun-hye[29] Faster R-CNN + ResNet Unknown Accuracy 78%
Ribera|30] ShapeVariationAnalyzer Unknown Accuracy 92%
Han|31] U-Net + CNN 12,800 images loU marrow 0.87
Jung [32] ResNet-152, EfficientNet-B7 858 images Accuracy 87-88%
Kong [33] Segmentation + classification - Sensitivity 98.8%
Chang|34] U-Net + InceptionV3 84 subjects Accuracy 85%
Eser [30] YOLOvS 2000 sections Accuracy 76.78%
Sunaina[40] CNN + SSD 2,737 images . -
Duman [43] YOLOvS 2000 images Accuracy 76.78%
Ibrahim YOLOvE + MobileViT 3000 images | Accuracy 81.5-83.5%
[44]
Zhu [45] ResNet101 vd 1,458 scans

Precision >92%,

Results and Discussion

® increase

Sum of Accuracy (%)

® Decrease @ Total

Accuracy / Model

Table 1. Key Studies on Al-based TMJOA Diagnosis

Distribution of Al Techiques

Al Technique

[N NN N
2 EREER
]

’e
2 ¥

Figure 2 Performance Aggregation and Methodological distribution of AI Models in TMJ Research.
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3. Results

The results obtained from the comparative analysis
of various Al models for TMJ osteoarthritis
detection indicate clear performance trends across
architectures. From Figure 2 (left), the cumulative
accuracy contribution shows that models such as
ResNet, DenseNetl169, InceptionV3, and CNN
significantly increase overall accuracy, while SSD
contributes comparatively less. The total
aggregated accuracy reflects that deep learning
models consistently provide strong performance in
TMJ diagnosis. From Figure 2 (right),
distribution of Al techniques shows that CNN-
based models dominate with approximately 25%
usage, followed by YOLO (20%) and ResNet
(15%). Other models such as R-CNN, U-Net,
DenseNet, and InceptionV3 contribute smaller
proportions, indicating that CNN and YOLO
architectures are the most widely adopted
techniques.In Figure 3 (left), the number of models
studied shows that CNN appears most frequently,
followed by YOLO and ResNet, confirming their
popularity in research. Figure 3 (right) shows that
ResNet, DenseNet169, and InceptionV3 achieve
higher accuracy with lower error rates compared to
other models like R-CNN and YOLOvVS5, which
show slightly higher error margins. From Figure 4,
the chronological trend indicates that earlier studies
(2020-2021) mainly used SSD and basic CNN
models, while recent studies (2022-2025) have
shifted towards advanced architectures such as
YOLOVS5, YOLOvS8, and hybrid models. This
shows a clear evolution towards more efficient and
accurate models.Additionally, as summarized in
Table 1, most models achieve accuracy between
76% and 88%, with some models exceeding 90%
in specific tasks such as shape analysis and
segmentation.

Number of models studied

b [l

Figure 3 Comparatlve Vlsuallzatlon of Al
Models Studied and Their Performance

Metrics in TMJ Analysis
R-CNN ] 4
ResNet ® o
- 5501 @
E Yolo-v5 ®
Swim-Transformer ®
CNN ®

T T T T T T T
2020.0 20205 2021.0 20215 2022.0 20225 2023.0
Year

Figure 4 Chronological adoption of deep
learning architectures in TMJOA detection
research (2020 2025).

Discussion

The results clearly show that deep learning models
have become the preferred approach for TMJ
osteoarthritis detection due to their ability to
automatically extract complex features from
medical images. CNN-based architectures
dominate both in usage and performance, making
them the backbone of most diagnostic systems.
Although YOLO-based models provide slightly
lower accuracy compared to models like ResNet or
DenseNet, they offer significant advantages in
terms of speed and real-time detection, making
them highly suitable for clinical applications.
Similarly, hybrid models combining detection and
classification improve overall performance by
addressing multiple tasks efficiently.

OPEN aaccsssRJ/\EM

1905


about:blank

International Research Journal on Advanced Engineering

and Management
https://goldncloudpublications.com

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1896 - 1911

https://doi.org/10.47392/IRJAEM.2026.0279

The graphs also highlight that model performance
is strongly influenced by dataset size and quality.
Models trained on larger datasets tend to achieve
better accuracy and generalization, while smaller
datasets often lead to variability in results. This
explains why some studies report lower
performance despite using advanced architectures.
Another important observation is the shift toward
advanced and optimized models over time, as seen
in Figure 4. The adoption of YOLOVS, YOLOVS,
and transformer-based approaches reflects the need
for faster and more scalable solutions in medical
imaging. However, despite high accuracy, several
limitations remain. Lack of standardized datasets
and evaluation metrics makes it difficult to directly
compare models. Additionally, most models focus
on hard tissue analysis and may not perform
equally well on soft tissue imaging like MRI.
Clinical validation and real-world testing are still
limited. Overall, the discussion confirms that Al
models—especially CNN, ResNet, and YOLO-
based architectures—are effective for TMJ
diagnosis, but further improvements in data
standardization, multimodal integration, and
clinical validation are required for reliable
deployment.

Conclusion

This review highlights the growing role of artificial
intelligence in detecting temporomandibular joint
osteoarthritis. AI models, especially deep learning
techniques, have shown encouraging results in
analyzing medical images and identifying early
signs of TMJOA. These approaches offer faster,
more consistent, and often more accurate diagnoses
compared to traditional manual methods. However,
challenges such as limited datasets, lack of standard
protocols, and the need for clinical validation still
exist. With continued research, larger data
collections, and improved collaboration between

medical and technical experts, Al has the potential
to become a reliable and widely used tool in TMJ
diagnostics, ultimately helping to improve patient
care. Most current models are tested on limited data
and are not compared under the same conditions,
making it hard to know which works best. Future
work should compare different models using the
same datasets and evaluation methods.
References
[1].Kalladka M, Quek S, Heir G, Eliav E,
Mupparapu M, Viswanath A.
Temporomandibular Joint Osteoarthritis:
Diagnosis and Long-Term Conservative
Management: A Topic Review. J Indian
Prosthodont Soc. 2014;14(1):6-15.
doi:10.1007/s13191-013-0321-3
[2].Jiao K, Niu LN, Wang MQ, et al
Subchondral  bone loss  following
orthodontically induced cartilage
degradation in the mandibular condyles of
rats. Bone. 2011;48(2):362-371.
doi:10.1016/j.bone.2010.09.010
[3].Egloff C, Hiigle T, Valderrabano V.
Biomechanics and pathomechanisms of
osteoarthritis. Swiss Med Wkly. Published
online July 19, 2012.
doi:10.4414/smw.2012.13583
[4].Ossowska A, Kusiak A, Swietlik D.
Artificial Intelligence in Dentistry—
Narrative Review. Int J Environ Res Public
Health. 2022;19(6):3449.
doi:10.3390/ijerph19063449
[5].Kaur R, Singh S. A comprehensive review
of object detection with deep learning. Digit
Signal Process. 2023;132:103812.
doi:10.1016/j.dsp.2022.103812
[6]. Alpaslan C, Dolwick MF, Heft MW. Five-
year  retrospective evaluation of
temporomandibular joint arthrocentesis. Int

OPEN aaccsssRJ/\EM

1906


about:blank

~ \RJAEM

International Research Journal on Advanced Engineering

and Management
https://goldncloudpublications.com

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1896 - 1911

7 https://doi.org/10.47392/IRJAEM.2026.0279

[t

J Oral Maxillofac Surg. 2003;32(3):263-
267. doi:10.1054/ijom.2003.0371

[7].Bakke M, Zak M, Jensen BL, Pedersen FK,

Kreiborg S. Orofacial pain, jaw function,
and temporomandibular disorders in
women with a history of juvenile chronic
arthritis or persistent juvenile chronic
arthritis. Oral Surg Oral Med Oral Pathol
Oral Radiol Endodontology.
2001;92(4):406-414.
doi:10.1067/moe.2001.115467

[8].8.Alomar X, Medrano J, Cabratosa J, et al.

Anatomy of the Temporomandibular Joint.
Semin Ultrasound CT MRI.
2007;28(3):170-183.
doi:10.1053/j.5ult.2007.02.002

[9].Jaber M, Khalid A, Gamal A, Faisal R,

[10].

[11].

[12].

Mathew A, Ingafou M. A Comparative
Study of Condylar Bone Pathology in
Patients with and without
Temporomandibular Joint Disorders Using
Orthopantomography. J Clin  Med.
2023;12(18):5802.
doi:10.3390/jcm12185802

Bjornland T, Gjerum AA, Meoystad A.
Osteoarthritis of the temporomandibular
joint: an evaluation of the effects and
complications of corticosteroid injection
compared with injection with sodium

hyaluronate. J Oral Rehabil.
2007;34(8):583-589. doi:10.1111/j.1365-
2842.2007.01759.x

Glyn-Jones S, Palmer AJR, Agricola R, et
al. Osteoarthritis. The Lancet.
2015;386(9991):376-387.
doi:10.1016/S0140-6736(14)60802-3
Poole AR. Osteoarthritis as a Whole Joint
Disease. HSS Journal® Musculoskelet J
Hosp Spec Surg. 2012;8(1):4-6.

OPEN aaccsssRJ/\EM

[13].

[14].

[15].

[16].

[17].

[18].

[19].

doi:10.1007/s11420-011-9248-6

Lories RJ, Luyten FP. The bone—cartilage
unit in osteoarthritis. Nat Rev Rheumatol.
2011;7(1):43-49.
doi:10.1038/nrrheum.2010.197

Derwich M, Mitus-Kenig M, Pawlowska E.
Interdisciplinary =~ Approach  to  the
Temporomandibular Joint Osteoarthritis—
Review of the Literature. Medicina (Mex).
2020;56(5):225.
doi:10.3390/medicina56050225

Piancino MG, Rotolo R, Cannavale R, et al.
Cranial structure and condylar asymmetry
of adult patients with rheumatoid arthritis.
BMC Oral Health. 2023;23(1):269.
doi:10.1186/s12903-023-03001-2

Alkis H, Bilge O. Evaluation of mandibular
asymmetry in angle malocclusion samples
by posterioanterior cephalometric
radiography: A preliminary study. Niger J
Clin Pract. 2019;22(6):771.
doi:10.4103/njcp.njcp 597 18

Chandhok A, Hegde C, Shetty M, Shetty G.
Evaluation of the influence of mandibular
condylar contour, height, and asymmetry in
subjects with myalgia presenting with or
without clicking among south coastal
Karnataka population — A descriptive cross-
sectional study. J Indian Prosthodont Soc.
2021;21(1):81.
doi:10.4103/jips.jips 255 20

Kjellberg K, Lindbeck L, Hagberg M.
Method and performance: two elements of
work technique. Ergonomics.
1998;41(6):798-816.
doi:10.1080/001401398186658

Kronseder K, Runte C, Kleinheinz J, Jung
S, Dirksen D. Distribution of bone
thickness in the human mandibular ramus —

1907


about:blank

[20].

[21].

[22].

[23].

[24].

[25].

~ \RJAEM

International Research Journal on Advanced Engineering

and Management
https://goldncloudpublications.com

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1896 - 1911

7 https://doi.org/10.47392/IRJAEM.2026.0279

[t

a CBCT-based study. Head & Face
Medicine. 2020;16(1).
doi:10.1186/s13005-020 00228-0

Habets LLMH, Bezuur JN, Naeiji M,
Hansson TL. The Orthopantomogram®, an
aid in diagnosis of temporomandibular joint
problems.: II. The vertical symmetry. J Oral
Rehabil. 1988;15(5):465-471.
doi:10.1111/5.1365-2842.1988.tb00182.x
Tortarolo A, Rotolo R, Nucci L, Tepedino
M, Crincoli V, Piancino MG. Condylar
Asymmetry in Children with Unilateral
Posterior Crossbite Malocclusion: A
Comparative  Cross-Sectional ~ Study.
Children. 2022;9(11):1772.
doi:10.3390/children9111772
Roézyto-Kalinowska L. Panoramic
radiography in dentistry. Clin Dent Rev.
2021;5(1):26.  doi:10.1007/s41894-021-
00111-4

Long TD, Smith BGN. The effect of contact
area morphology on operative dental
procedures. J Oral Rehabil.
1988;15(6):593-598.  doi:10.1111/.1365-
2842.1988.tb00196.x

Azlag Pekince K, Pekince A, Kazangirler
BY. Improving TMJ Diagnosis: A Deep
Learning  Approach  for  Detecting
Mandibular Condyle Bone Changes.
Diagnostics. 2025;15(8):1022.
doi:10.3390/diagnostics15081022

Barone S, Cevidanes L, Bianchi J,
Goncalves JR, Giudice A. Deep Learning-
Based Three Dimensional Analysis Reveals
Distinct Patterns of Condylar Remodelling
After Orthognathic Surgery in Skeletal
Class III Patients. Orthod Craniofac Res.
2025;28(3):441-448.
doi:10.1111/0cr.12895

[26].

[27].

[28].

[29].

[30].

[31].

[32]

Iturriaga V, Navarro P, Cantin M, Fuentes
R. Prevalence of Vertical Condilar
Asymmetry of the Temporomandibular
Joint in Patients with Signs and Symptoms
of Temporomandibular Disorders. Int J
Morphol.2012;30(1):315-321.
doi:10.4067/S0717-95022012000100056
Lee KS, Kwak HJ, Oh JM, et al. Automated
Detection of TMJ Osteoarthritis Based on
Artificial Intelligence. J Dent Res.
2020;99(12):1363-1367.
doi:10.1177/0022034520936950

Kim D, Choi E, Jeong HG, Chang J, Youm
S. Expert System for Mandibular Condyle
Detection and Osteoarthritis Classification
in Panoramic Imaging Using R-CNN and
CNN. Appl Sci. 2020;10(21):7464.
doi:10.3390/app10217464

Choi E, Kim D, Lee JY, Park HK. Artificial

intelligence in detecting
temporomandibular joint osteoarthritis on
orthopantomogram. Sci Rep.
2021;11(1):10246.  doi:10.1038/s41598-
021-89742-y

Bianchi J, Ruellas A, Prieto JC, et al.
Decision Support Systems in

Temporomandibular Joint Osteoarthritis: A
review of Data Science and Artificial
Intelligence Applications. Semin Orthod.
2021;27(2):78-86.
doi:10.1053/j.s0d0.2021.05.004

Kim YH, Shin JY, Lee A, Park S, Han SS,
Hwang HJ. Automated cortical thickness
measurement of the mandibular condyle
head on CBCT images using a deep

learning method. Sci Rep.
2021;11(1):14852.  doi:10.1038/s41598-
021-94362-7

Jung W, Lee K, Suh B, Seok H, Lee D.

OPEN aaccsssRJ/\EM

1908


about:blank

[33].

[34].

[35].

[36].

[37].

~ \RJAEM

. Ozsari S,

International Research Journal on Advanced Engineering

and Management
https://goldncloudpublications.com

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1896 - 1911

» i https://doi.org/10.47392/IRJAEM.2026.0279
Deep learning for  osteoarthritis Related Diseases. Diagnostics.
classification in temporomandibular joint. 2023;13(16):2700.

Oral Dis. 2023;29(3):1050-1059.
doi:10.1111/0di.14056

Gua Y, Kong CT, Zhangc DD, et al. A
Comprehensive Approach to Diagnosing
Temporomandibular Joint Diseases: Al-
driven TMD Diagnostic System. arXiv.
Preprint posted online 2024.
doi:10.48550/ARXIV.2402.03397

Kao ZK, Chiu NT, Wu HTH, et al.
Classifying Temporomandibular Disorder
with Artificial Intelligent Architecture
Using Magnetic Resonance Imaging. Ann
Biomed Eng. 2023;51(3):517-526.
doi:10.1007/s10439-022-03056-2

Almasan O, Leucuta DC, Hedesiu M,
Muresanu S, Popa  Stefan L.
Temporomandibular Joint Osteoarthritis
Diagnosis Employing Artificial
Intelligence: Systematic Review and Meta-
Analysis. J Clin Med. 2023;12(3):942.
doi:10.3390/jcm12030942

Eser G, Duman SB, Bayrakdar iS, Celik O.
Classification of temporomandibular joint
osteoarthritis on CONE BEAM computed
tomography images using artificial
intelligence system. J Oral Rehabil.
2023;50(9):758-766.
doi:10.1111/joor.13481

Farook TH, Dudley J. Automation and deep
(machine) learning in temporomandibular
joint disorder radiomics: A systematic
review. J Oral Rehabil. 2023;50(6):501-
521. doi:10.1111/joor.13440

Giizel MS, Yilmaz D,
Kamburoglu K. A Comprehensive Review
of Artificial Intelligence Based Algorithms
Regarding  Temporomandibular  Joint

OPEN aaccsssRJ/\EM

[39].

[40].

[41].

[42].

[43].

[44].

doi:10.3390/diagnostics13162700
Sivari E, Senirkentli GB, Bostanci E, Guzel
MS, Acici K, Asuroglu T. Deep Learning in

Diagnosis of Dental Anomalies and
Diseases: A Systematic  Review.
Diagnostics. 2023;13(15):2512.

doi:10.3390/diagnostics13152512

Talaat WM, Shetty S, Al Bayatti S, et al. An
artificial intelligence model for the
radiographic diagnosis of osteoarthritis of
the temporomandibular joint. Sci Rep.
2023;13(1):15972. doi:10.1038/s41598-
023-43277-6

Fang X, Xiong X, Lin J, Wu Y, Xiang J,
Wang J. Machine-learning—based detection
of degenerative temporomandibular joint
diseases using lateral cephalograms. Am J
Orthod Dentofacial Orthop.
2023;163(2):260-271.e5.
doi:10.1016/j.2j0d0.2022.10.015

Badel T, Vojnovi¢ S, Bukovi¢ D, et al. The
Asymmetry of the Mandible in Patients
with Unilateral Temporomandibular Joint
Disc Displacement Confirmed by Magnetic
Resonance Imaging. Acta Stomatol Croat.
2023;57(2):167-176.
doi:10.15644/asc57/2/7

Eser G, Duman SB, Bayrakdar IS, Celik O.
Classification of temporomandibular joint
osteoarthritis on CONE BEAM computed
tomography images using artificial
intelligence system. J Oral Rehabil.
2023;50(9):758-766.
doi:10.1111/joor.13481

Abd Elaziz M, Dahou A, Dahaba M, et al.
Mandibular condyle detection using deep
learning and modified mountaineering

1909


about:blank

[45].

[46].

[47].

[48].

[49].

~ \RJAEM

International Research Journal on Advanced Engineering

and Management
https://goldncloudpublications.com

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1896 - 1911

7 https://doi.org/10.47392/IRJAEM.2026.0279

[t

team-based optimization algorithm. Alex
Eng J. 2024;107:280-297.
doi:10.1016/.a¢j.2024.06.096

Yu Y, Wu SJ, Zhu YM. Deep learning-
based diagnosis of
temporomandibular joint
displacement and its clinical application.
Front Physiol. 2024;15:1445258.
doi:10.3389/fphys.2024.1445258

Sun S, Xu P, Buchweitz N, et al.
Explainable = Deep Learning and
Biomechanical Modeling for TMJ Disorder
Morphological Risk Factors. JCI Insight.
Published online July 11, 2024.
doi:10.1172/jci.insight.178578

Lee YH, Jeon S, Won JH, Auh QS, Noh
YK. Automatic detection and visualization
of temporomandibular joint effusion with

automated
anterior disc

deep neural network. Sci  Rep.
2024;14(1):18865.  doi:10.1038/s41598-
024-69848-9

Choi YT, Song HJ, Lee JS, Im YG.
Temporomandibular Joint Segmentation
Using Deep Learning for Automated Three-
Dimensional Reconstruction. J Oral Med
Pain. 2024;49(4):109-117.
doi:10.14476/jomp.2024.49.4.109

Al Turkestani N, Li T, Bianchi J, et al. A
comprehensive patient-specific prediction

model for temporomandibular joint
osteoarthritis progression. Proc Natl Acad
Sci. 2024;121(8):¢2306132121.

doi:10.1073/pnas.2306132121

. Wu X, Zheng Y, He C, et al. Application of

Machine Learning in the Diagnosis of

Temporomandibular Disorders: An
Overview. Oral Dis. Published online
March 3, 2025:0di.15300.

doi:10.1111/0di.15300

[51].

[52].

[53].

[54].

[55].

Mahobiya C, Iyer SS. Machine learning for
bone deformation detection in real-world
applications. In: Diagnosing
Musculoskeletal Conditions Using Artifical
Intelligence and Machine Learning to Aid
Interpretation of Clinical Imaging. Elsevier;
2025:223-242.  doi:10.1016/B978-0-443-
32892-3.00012-9

Azlag Pekince K, Pekince A, Kazangirler
BY. Improving TMJ Diagnosis: A Deep

Learning  Approach  for  Detecting
Mandibular Condyle Bone Changes.
Diagnostics. 2025;15(8):1022.

doi:10.3390/diagnostics 15081022

Barone S, Cevidanes L, Bianchi J,
Goncalves JR, Giudice A. Deep Learning-
Based Three Dimensional Analysis Reveals
Distinct Patterns of Condylar Remodelling
After Orthognathic Surgery in Skeletal
Class III Patients. Orthod Craniofac Res.
2025;28(3):441-448.
doi:10.1111/0cr.12895

Committeri U, Monarchi G, Gilli M, et al.
Artificial Intelligence in the Surgery-First
Approach: Harnessing Deep Learning for
Enhanced Condylar Reshaping Analysis: A
Retrospective Study. Life. 2025;15(2):134.
doi:10.3390/1ife15020134

Choi E, Shin S, Lee K, et al. Artificial

intelligence-enhanced diagnosis of
degenerative  joint disease using
temporomandibular  joint  panoramic

radiography and joint noise data. Sci Rep.
2025;15(1):1823. doi:10.1038/s41598-024-
83750-4

. I N Karyakin, M I Mendybaeva, O E

Lebedev, Gluhih I. SEGMENTATION OF
Temporomandibular Joint Structures On
Mri Images Using Neural Networks For

OPEN aaccsssRJ/\EM

1910


about:blank

International Research Journal on Advanced Engineering ¢ ISSN: 2584-2854
and Managsement Volume: 04 Issue: 05
g May 2026

https://goldncloudpublications.com Page No: 1896 - 1911
https://doi.org/10.47392/IRJAEM.2026.0279

— ey
\RJAEM

Diagnosis Of Pathologies. Published
Online 2025.
Doi:10.13140/Rg.2.2.25582.32324

OPEN 8AccsssRJAEM 1911


about:blank

