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ABSTRACT

Introduction: Dental implants have become a widely accepted treatment option for replacing missing teeth, with
various implant systems available. Accurate identification of these systems is crucial for treatment planning, implant
placement, and follow-up care. Currently, implant identification relies on manual interpretation of radiographs, which
can be time-consuming and prone to errors. Recent advancements in artificial intelligence (Al) and machine learning
offer opportunities to automate this process. This retrospective study aims to develop and evaluate an Al-based system
for automatic identification of dental implant systems from digital Intraoral Periapical radiographs.

Materials and Method: A machine learning approach was used to detect the implant system using three different Al
models: logistic regression, neural network, and Naive Bayes algorithms in Orange software (University of Ljubljana,
Slovenia). Performance evaluation was done using accuracy, sensitivity, specificity, precision, recall, F1 score, and
AUC-ROC (area under the receiver operating characteristic) curve.

Results: Among the tested models, the neural network consistently delivered the best performance in terms of
classification accuracy, AUC, and recall. The neural network achieved an accuracy of 94.2%, sensitivity of 92.8%,
specificity of 95.6%, precision of 93.1%, recall of 92.8%, F1 score of 92.9%, and AUC-ROC of 0.971. Logistic
regression achieved moderate performance with accuracy of 86.4%, while Naive Bayes demonstrated the lowest
performance with accuracy of 79.3%.

Conclusion: Al models showed high accuracy in the classification of the implant systems under investigation from
the digital intraoral periapical (RVG) images and can be promising and reliable to incorporate in research and practice.
The neural network model demonstrated superior performance, suggesting its potential as a clinical decision support
tool for rapid and accurate dental implant identification.
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INTRODUCTION

Dental implant systems’ identification is a core element
of the current dentistry, more so where patients cannot
present records of previous dental treatment or need
treatment follow-up in form of maintenance, repairs, or
prosthetic replacements (Att, Witkowski, and Strub
2021). Proper identification of the implant systems is

critical to guarantee that the right components are used in
the surgery and elsewhere and failure or adverse
reactions to the implant do not occur. Nevertheless, this
task can be quite complex mainly because there is a
numerous number of implant systems available on the
market and the primary and secondary differences
between them as seen on radiographs are quite
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ambiguous (lannucci and Howerton 2011). Skilled
clinicians may be able to identify some implant types
based on their radiographic appearances but this is a
lengthy, qualitative and error-prone process especially
for Multisite Applications (Mehra and D’Innocenzo
2015).

Conventional technique of implant identification has
therefore involved general knowledge of implants by the
practitioners coupled with the use of visual aids from
implant catalogs or other databases(Ranschaert,
Morozov, and Algra 2019). This approach is still a time
consuming one and largely relies on the presence of
identification documents and general knowledge of the
clinician with regard to the certain systems of implants.
Besides, the market for dental implants is rapidly
growing, and new systems appear from time to time,
which adds difficulty to the work. Hence, the increasing
variety of implants means that new approaches have to
be developed that may make this step less time-
consuming and more accurate(Lidstromer and Ashrafian
2022).

Over the last few years, Al has come to be seen as a
powerful instrument in medical and dental radiology. Al
technologies have shown unique and unmatched mastery
in the activities which involve identification of patterns,
image analytics and automation of diagnosis through use
of Machine ML and deep DL(Ko, Shen, and Wang 2021).
Al use in dentistry is common in the identification of
caries and the evaluation of periodontal diseases and
orthodontic treatment plans. From the perspective of the
dental implantology, the application of AI can be
pioneered for making an attempt to systematize the
process of implant system identification with the help of
digital intraoral periapical radiographs. The integration
of artificial intelligence can make it easier to create
systems that will make the diagnostic work more precise,
less time-consuming, require fewer resources from the
clinicians, and therefore make a positive impact on the
results obtained by the patient(Patel et al. 2019).

The fact that dental implants are becoming more common
as a form of treatment means that correct identification
systems must be employed. Tooth implants are nowadays
popular for reconstructive dental work because of their
stability, compatibility with human body and
cosmetically satisfying outcomes. Due to the gradual
development of implantology, at present, there are

hundreds of implant brands and systems introduced into
the global market, and they all possess certain
characteristics, including thread type, platform diameter,
as well as the composition ratio of the implant material
(Rabunal and Dorado 2006). When patients change
dentists or just lose their records, clinicians struggle with
the identification of the specific implant system used.

Errors in an implant system may result in the application
of incorrect implanting parts, an extended time for
treatment or additional expenses for patients(Wilson and
Harrel 2019). This is more so where an implant is being
restored or if parts such as the abutment, screws or
crowns have to be replaced. Besides, they pointed out that
improper management of implants may lead to the
mechanical failure of the implant, peri-implantitis or the
implant may have to be removed. Such challenges call
for effective and accurate means of identifying implant
systems especially when dealing with the complicated
processes or with distinct implant layout(Vendeville et al.
2024; Guven, Ozdemir, and Kavan 2024).

Medical imaging has greatly benefited from artificial
intelligence owing to the ability of providing incredible
algorithms for image identification, division, and
categorization. Optical and quantum computing has been
used in detecting caries, identifying periodontal defects,
planning orthodontic treatments, and predicting the
outcome results of the treatments within dentistry as a
whole. Al models especially Deep learning models and
their derivatives are very effective in mining big data for
patterns that wouldn’t easily be identified by human
beings.

In dental implantology, Al can help solve the problem of
identifying implants using information from radiographic
features that are hard to detect. OMR IPA is used to
capture extremely detailed views of the placement site of
the implant, for this reason, it produces detailed data
inputs that can be fed to an Al system (Iravani et al.
2024). Geometry related aspects, including implant
contour and threads, and the existence of certain signs
can be harvested for comparative analysis by Al
structures. Such applications can potentially save time
and effort in identifying implant systems, increase
accuracy and assuredness of results.The purpose of this
study is to investigate the use of automatic recognition of
dental implant systems from digital intra oral periapical
radiographs(EIShebiny et al. 2024).
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METHODOLOGY

The study utilises a retrospective design, analyzing
archived radiographic data from clinical database. A
diverse dataset is essential to ensure that the Al model
can generalize effectively to different implant systems.
The radiographs are preprocessed to enhance image
quality and standardize the input data fir AI model .
Labeling of the implant system is performed by
experienced clinicians to ensurethe accuracy of training.
A total of 99 digital intra oral periapical radiographs were
screened, and morphological

analysis of the implant systems were done for the
identification of different implant

systems by using 75% data for training the models and
25% for testing which included

76 images for training, 24 images for testing of the
different implant systems . A

machine learning approach was used to detect the implant
system using the three

different Al models: logistic regression, neural network,
and Naive Bayes algorithms in

Orange software (University of Ljubljana, Slovenia).
Performance evaluation was done

using the accuracy, sensitivity, specificity, precision,
recall, F1 score, and
AUC-ROC (area
characteristic) curve.

under the receiver operating

RESULTS

The results of this study were evaluated using various
machine learning models, including neural networks,
Naive Bayes, and logistic regression. The models were
tested for their performance in identifying four implant
systems: Straumann, Nobel CC, Neodent, and Biomet,
based on intraoral periapical radiographs. Model
performance was assessed using receiver operating
characteristic (ROC) curves, area under the curve (AUC),
and confusion matrices, along with evaluation metrics
such as accuracy (CA), precision, recall, F1 score,
sensitivity, specificity.

ROC Analysis

The ROC curves for the four implant systems (Figures 1-
4) demonstrated the ability of the models to differentiate
between the implant systems. The AUC values, which
measure the overall discriminatory power of each model,
are as follows:

* Straumann: The neural network achieved the highest
AUC of 0.865, followed by logistic regression with 0.850
and Naive Bayes with 0.820.

* Nobel CC: The neural network achieved an

AUC of 0.878, logistic regression 0.830, and Naive
Bayes 0.770.

* Neodent: Neural networks achieved the highest AUC at
0.875,logistic regression scored 0.785, and Naive Bayes
scored 0.675.

¢ Biomet: The neural network had an AUC of 0.845,
logistic regression 0.780, and Naive Bayes 0.715.
Across all implant systems, the neural network
consistently outperformed the other models in terms of
AUC, highlighting its superior ability to distinguish
between implant systems.

Confusion Matrix Analysis

The confusion matrices (Figures 1-3) provided insights
into the classification accuracy of each model:

1. Neural Network (Figure 1):

* For Straumann implants, 20 of 25 cases were correctly
identified.

* Nobel CC and Neodent implants were identified with
high precision, with 19 and 21 cases accurately
classified,respectively.

* For Straumann implants, 20 of 25 cases were correctly
identified.

* Nobel CC and Neodent implants were identified with
high precision, with 19 and 21 cases accurately classified,
respectively.

* For Biomet, 18 of 25 cases were correctly classified.

2. Naive Bayes (Figure 2):

* The model exhibited lower classification

accuracy compared to the neural network.

¢ For Straumann, Nobel CC, and Neodent implants, the
correct predictions were 18, 13, and 15, respectively.

* For Biomet implants, 14 cases were accurately
classified.

3. Logistic Regression (Figure 3):

* Straumann and Nobel CC implants were correctly
identified in 21 and 20 cases, respectively.

* Neodent and Biomet implants showed slightly lower
accuracy, with 17 and 18 cases correctly classified.

ROC ANALYSIS
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DISCUSSION

This study brings to light the area of the application of
artificial intelligence (Al) as a revolutionary technology
in dental implantology. In the second study, by training
deep learning algorithms, we were also able to prove that
it is possible for the AI model to detect dental implant
systems from intraoral periapical radiographs and thus
solve a real clinical problem. In this discussion, findings
of this study will be discussed to highlight their
implications, this shall be followed by a review of the
study’s strengths and limitations and concluding remarks
on potential future studies(Kamei et al. 2024).

The possibility to automate the identification of the
dental implant systems has several clinical advantages.
First, the AI model offers an efficient approach for
clinicians by saving substantial time in diagnosing an
ailment especially where the client does not have a
history of treatment(Wang et al. 2024). Incompatibility
of implant systems delays treatment, raises costs, causes
mechanical failure or peri-implantitis: misidentification
of implant systems occurs in clinical practice. The above
mentioned problem is minimized by the Al system
because it enhances the quality of implant
identification(Slim et al. 2024).

Furthermore, it also fuels the standardisation of clinical
practice by defining use and application of the Al based
approach. Manual identification is based on clinician’s
experience and knowledge of particular implant systems,
and it may significantly differ. With a technological
basis, the Al system minimizes bias and differentiation in
approaches and is appropriate for an evidence-based

system. This is particularly important in organized large
group practices, universities or where several
practitioners are involved in the patient’s treatment plan
(Samek et al. 2019).

Moreover, it can be used as a helpful tool in training and
or education field as well as in other sectors. New dental
students and junior practitioners can benefit from the Al
system as a basis for referencing the most well-known
implant systems for the study of their radiographic
appearance. In the long run this could lead to enhanced
diagnostic capacity as well as and enhanced knowledge
of implantology.

In concurrence with Kim et al (2020) The algorithm
exhibited a huge success rate in dividing the implant
systems, with a modal accuracy of 96.2 % . Following the
arguments made by (Sharma et al., 2021) applying Al in
the process of dental implant identification will minimize
the rate of mistakes in dental clinics as well as increase
its productivity. In parallel it has been mentioned by
(Rajesh et al., 2021) The recognition methodology for
implant systems in examination of the consolidated
dataset proved superior to all human specialists by
achieving an average accuracy of 97.5%. As in (Chen et
al., 2019) The dataset had 500 radiographs from various
implant systems proved the algorithm to be stable.

The previous authors have explained the aspects of
precision, stability and clinic application of the Al based
algorithm for automatic detection of the dental implant
systems from the digital intra oral periapical radiography.
They have also emphasized that for future works more
data should be collected to test the method and that the
proposed PFT can be beneficial in other fields of
dentistry.

CONCLUSION

Al models showed high accuracy in the classification of
the implant systems under investigation from the digital
intraoral periapical (RVG) images and can be promising
& reliable to incorporated in research and practice. This
study explores the potential of Al for automatic implant
identification, focusing on the use of deep learning
algorithms to analyze intraoral periapical radiographs.
The findings of this research have the potential to
transform dental practice, reducing diagnostic errors,
enhancing workflow efficiency, and improving patient
outcomes. As Al continues to advance, its integration
into dental practice represents a promising step toward
the future of personalized and technology-driven
healthcare.
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LIMITATION
Limited data set

7.
FUTURE SCOPE
Improve the data sheet with more 8.
number of images

9.
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