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ىلعةردقلاهلنانسلأابطلاجميفيعانطصلااءاكذلاجمدنإ:ثحبلافادهأ
تايجمربةيمهأةليلقتاساردترهظأ،كلذعمو.ةينسلاةياعرلاةءافكزيزعت
نيماعلانيسرامملا(نانسلأاءابطلأةلثاممجئاتنقيقحتيفيعانطصلااءاكذلا
ةيقوثومرثكلأاةقيرطلاديدحتويخنسلامظعلانادقفمييقتيف)نيصصختملاو
ءادأةنراقمىلإةساردلاهذهفدهت.ةيريرسلاةئيبلايفةثللاضارمأصيخشتل
نيماعلانيسرامملاءادأعميخنسلامظعلانادقفمييقتيفيعانطصلااءاكذلا
.نيصصختملاو

نانسلأاءابطأءادلأانراقمايعطقمامييقتةساردلاهذهتناك:ثحبلاةقيرط
روصلارايتخامت.يخنسلامظعلانادقفمييقتيفيعانطصلااءاكذلاتايجمربو
ةيعاعشلاروصلامييقتبنانسلأاءابطأماق.ةيليثمتةنيعنامضلايئاوشعةيعاعشلا
"يناثلايأرلاجمانرب"يعانطصلااءاكذلاجمانربرابتخامتامنيب،لقتسملكشب
تمتمث.نانسلأاءابطأاهميقيتلاةيعاعشلاروصلاةعومجمسفنمادختساب
ميدقتوةقدلاسايقلةيساسلأاميقلابيعانطصلااءاكذلاجمانربنمجئاتنلاةنراقم
.نييرشبلانيصصختملاءادأعمةرشابمةنراقم

ةنراقملةلئسأ١٠ىلعبيجياهنملك،ةباجتسا١٤٩علاطتسلااىقلت:جئاتنلا
.ةعشلأابمظعلانادقفرادقممييقتيفنانسلأاءابطأويعانطصلااءاكذلاتاسايق
ةيعاعشلاتاسايقلاعماطسوتمايباجيإاطابترانيكراشملاتاريدقتترهظأ
هنكلوفعضأاطابتراو)٠,٠٠١>ةيلامتحلااةميق،٠,٥٤٧=طابترلاالماعم(
ةميق،٠,٣٦٥=طابترلاالماعم(يعانطصلااءاكذلاتاسايقعمامهملازيلا
ىوقأايباجيإاطابترايعانطصلااءاكذلاتاسايقترهظأ.)٠,٠٠١>ةيلامتحلاا
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)٠,٠٠١>ةيلامتحلااةميق،٠,٧١٢=طابترلاالماعم(ةيعاعشلاتاسايقلاعم
.نانسلأاءابطأتاريدقتباهطابترابةنراقم

ىلعيعانطصلااءاكذلاتايجمربةردقىلعةساردلاهذهتدكأ:تاجاتنتسلاا
.يخنسلامظعلانادقفلةيعاعشلاروصلاىلعةدمتعملاتامييقتلاةءافكوةقدزيزعت
ءاكذلاةينقتنألاإ،ةيريرسلاةبرجتللنويساسأنانسلأاءابطأنأنممغرلاىلع
ءاربخنيبيلبقتسملانواعتلا.راركتللةلباقوةقستمةيجهنمرفوتيعانطصلاا
.ىضرملاةياعرنيسحتلدعاونيسرامملاونيثحابلاويعانطصلااءاكذلا

يعاعشلاريوصتلا؛يعانطصلااءاكذلا؛يخنسلامظعلانادقف:ةيحاتفملاتاملكلا
ةثللاملع؛قيمعلاملعتلا؛ينسلا

Abstract

Objectives: Integrating artificial intelligence (AI) in the

dental field can potentially enhance the efficiency of

dental care. However, few studies have investigated

whether AI software can achieve results comparable to

those obtained by dental practitioners (general practi-

tioners (GPs) and specialists) when assessing alveolar

bone loss in a clinical setting. Thus, this study compared

the performance of AI in assessing periodontal bone loss

with those of GPs and specialists.

Methods: This comparative cross-sectional study evalu-

ated the performance of dental practitioners and AI

software in assessing alveolar bone loss. Radiographs

were randomly selected to ensure representative samples.

Dental practitioners independently evaluated the radio-

graphs, and the AI software “Second Opinion Software”

was tested using the same set of radiographs evaluated by

the dental practitioners. The results produced by the AI

software were then compared with the baseline values to
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measure their accuracy and allow direct comparison with

the performance of human specialists.

Results: The survey received 149 responses, where each

answered 10 questions to compare the measurements

made by AI and dental practitioners when assessing the

amount of bone loss radiographically. The mean esti-

mates of the participants had a moderate positive corre-

lation with the radiographic measurements (rho ¼ 0.547,

p < 0.001) and a weaker but still significant correlation

with AI measurements (rho ¼ 0.365, p < 0.001). AI

measurements had a stronger positive correlation with

the radiographic measurements (rho ¼ 0.712, p < 0.001)

compared with their correlation with the estimates of

dental practitioners.

Conclusion: This study highlights the capacity of AI

software to enhance the accuracy and efficiency of

radiograph-based evaluations of alveolar bone loss.

Dental practitioners are vital for the clinical experience

but AI technology provides a consistent and replicable

methodology. Future collaborations between AI experts,

researchers, and practitioners could potentially optimize

patient care.

Keywords: Alveolar bone loss; Artificial intelligence; Deep

learning; Dental radiography; Periodontics

� 2025 The Authors. Published by Elsevier B.V. This is an

open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction

The term “artificial intelligence” (AI) was introduced in

1956 during a conference where researchers explored the
creation of machines that can emulate human intelligence.1

This field focuses on developing systems that replicate

human cognitive processes and decision making. AI is
revolutionizing many industries, including healthcare,
where it has significantly advanced medical specialties. As

AI integrates further into society, its ethical, social, and
economic implications continue to be subjects of scholarly
discussion.2,3 In dentistry, AI can enhance the diagnosis
and treatment of oral health conditions by providing

objective insights through patient data analysis to improve
accuracy and efficiency.4,5

AI has provided a wide array of insights, equipping cli-

nicians with invaluable tools to enhance the accuracy of
radiological assessments.6,7 AI technologies facilitate precise
analysis and interpretation of radiographic images, enabling

healthcare professionals to make more informed decisions.8,9

Recent studies indicate that AI models, particularly those
built using deep learning methods such as convolutional

neural networks (CNNs), can accurately recognize and
evaluate alveolar bone loss.10e12 These AI systems use
CNNs to examine intraoral radiographs, identifying small
changes in bone density and structure that may escape
human observation.

Previous studies have shown that CNN-based models
may attain diagnostic performance equivalent to that of
experienced dental professionals, thereby providing a viable

instrument for improving diagnostic precision and unifor-
mity in clinical environments.13,14 For instance, Kim et al.
introduced a deep learning-based approach by utilizing al-

gorithms that are a subset of machine learning. These algo-
rithms employ neural networks with multiple layers to model
complex patterns in data. The aim of their method known as
the Deep Neural Transfer Network (DeNTNet) is to develop

an automated diagnostic support system for detecting peri-
odontal bone loss (PBL) in panoramic dental radiographs.
DeNTNet leverages pre-trained networks and adapts them

to the specific task of dental radiograph analysis in order to
identify lesions and also provide the corresponding tooth
numbers based on the dental federation notation. DeNTNet

uses deep CNNs with transfer learning and incorporates
clinical expertise to address morphological variations in
lesions.13

Similarly, Lee et al. designed a computer-assisted

detection system by using a CNN algorithm to diagnose
and predict periodontally compromised teeth.14 They
integrated a pre-trained deep CNN with a self-trained

network and used periapical radiographic images to iden-
tify the best CNN algorithms and weights. Their results
demonstrated the effectiveness of the deep CNN algorithm

at diagnosing and predicting periodontally compromised
teeth.14

The main advantage of using an AI-based model is that it

provides a standardized approach to radiographic analysis,
which reduces the variability of human interpretation. Thus,
standardization ensures that consistent and reproducible
results are obtained, which is essential for maintaining high-

quality patient care.13 However, the performance of
DeNTNet depends greatly on the quality and quantity of
the training data. In addition, training and deploying deep

learning models like DeNTNet require significant
computational resources, which may not be readily
available in all clinical settings.13

Moreover, Uzun Saylan et al. evaluated AI models for
detecting alveolar bone loss using the PyTorch-based
YOLO-v5 model in CranioCatch software based on 685

panoramic radiographs. They found that regional detection
was more successful than general detection, especially in the
maxillary incisor region, thereby highlighting the potential
of applying AI as a clinical decision support tool in

dentistry, and suggesting that a more comprehensive data
set could enhance the effectiveness of AI in regional PBL
detection.15

Despite the growing interest in AI within the field of
dental radiography, few studies have directly compared the
diagnostic performance of AI systems and human practi-

tioners. Previous studies primarily focused on the develop-
ment and validation of AI models, whereas few involved
head-to-head comparisons between AI and dental pro-
fessionals. This gap highlights the need for comprehensive

http://creativecommons.org/licenses/by-nc-nd/4.0/
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research to evaluate the relative accuracy, efficiency, and
clinical utility of AI-assisted diagnostic tools versus tradi-

tional human assessments. Comparative studies are crucial
for understanding the potential benefits and limitations of
integrating AI in dental practice to ultimately guide its

adoption and implementation in clinical settings. Moreover,
the integration of AI in dental radiography could potentially
revolutionize the field by enhancing the diagnostic precision

and reducing the workload of dental professionals. AI sys-
tems can rapidly and accurately analyze vast amounts of
data, which could assist in the early detection of dental
anomalies, leading to more timely and effective treatments.

However, successful integration depends on rigorous vali-
dation through comparative studies to ensure that AI tools
can match or surpass the diagnostic capabilities of experi-

enced practitioners.
Therefore, the aim of the present study was to compare

the diagnostic accuracy and efficiency of dental practitioners,

including general practitioners (GPs) and specialists, with
that of AI software when assessing alveolar bone loss using
intraoral radiographs. The question addressed in this study
is: does AI software provide more accurate measurements of

alveolar bone loss space compared with dental practitioners?
The null hypothesis is: there is no significant difference in
diagnostic accuracy between AI software and dental practi-

tioners when assessing alveolar bone loss in dental radio-
graphs. The alternative hypothesis is: AI software provides
significantly more accurate measurements of alveolar bone

loss compared with dental practitioners based on dental
radiographs.

Materials and Methods

Study design and participants

This comparative cross-sectional study evaluated the

performance of dental practitioners and AI software in
assessing alveolar bone loss. The cross-sectional design of the
study means that data were collected at a single point in time,
providing a snapshot comparison of the two diagnostic

methods. This study design is particularly useful for identi-
fying differences in performance between groups. A ran-
domized sampling technique was employed to select the

dental radiographs, ensuring that the selected radiographs
were representative of the population and that bias was
minimized. The study was approved by the Research Ethics

Committee, Faculty of Dentistry at King Abdulaziz Uni-
versity (Approval Number: 235-11-23, dated January 31,
2024).

The inclusion criteria required that the participants were

dental practitioners and specialists with a minimum of two
years professional experience and who understood English.
The participants could include periodontists, endodontists,

prosthodontists, restorative dentists, advanced general
dentists, and GPs. Undergraduate students were excluded
from the study to ensure that all participants possessed

advanced expertise and practical experience in dental
radiology disciplines. This criterion was essential for
obtaining reliable and relevant data from professionals who

were highly experienced in the complexities and nuances of
the field.

A priori power analysis was conducted using G*Power
version 3.1.9.7 to determine the sample size required for
the study. The aim of the analysis was to achieve a power
of 0.8 at a significance level of 0.05. The effect size was set

based on the expected difference in sensitivity between the
null hypothesis (0.7) and alternative hypothesis (0.8), with
a condition prevalence of 0.5. G*Power calculated that a
minimum sample size of 310 evaluations was necessary to

detect a significant difference in sensitivity with the spec-
ified power and significance level.

Data sources and image augmentation

To compile the study data set, digital bitewing and
periapical dental radiographs were obtained from a single

source; the dental teaching hospital. The inclusion criteria
required that the selected radiographs were intraoral ra-
diographs, either bitewings or periapical, of adult patients.

The images had to contain clear cementoenamel junctions
(CEJs), visible alveolar bone, and minimal angulation to
ensure accurate readings. In addition, they had to conform
to the standard dose and duration protocols for dental

radiography procedures at the hospital. The exclusion
criteria comprised images with substantial metal artifacts,
incorrect patient positioning, poor quality, and atypical

bone morphologies. The selected radiograph images
included in the study were cropped and resized from the
original 1440 � 1920 pixels to 224 � 224 pixels, and then

converted into PNG format to ensure standardized
evaluation.

Data labeling and prediction of PBL

The images were labeled by two board-certified in-
vestigators who were both consultants with over 5 years of
experience. The evaluators established a consensus regarding

the method for determining bone loss. First, reference points
were identified by locating the CEJ and alveolar crest in the
radiograph. The CEJ is the junction where the enamel of the

tooth meets the cementum, and the alveolar crest represents
the highest point of the alveolar bone surrounding the tooth.
Next, the vertical distance was measured between the CEJ

and alveolar crest. The calculations were used as baseline
values for comparison with those made by AI and the par-
ticipants. Examples of radiographs used in the study are

shown in Figure 1.

Data collection process

A questionnaire with two sections was formulated using

Google Forms. The first section captured data regarding
consent, specialty, and years of expertise. The second section
contained 10 radiographs and participants were asked to
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estimate the distance from the CEJ to the alveolar bone in
millimeters for each radiograph.

The initial draft of the online questionnaire was piloted
with ten dental residents enrolled in postgraduate pro-
grams to evaluate the clarity of the questions and the

quality of the images. This pilot testing phase was crucial
for identifying any ambiguities or misunderstandings in the
questionnaire items and for ensuring that the images were

appropriately interpreted.
Between February and July 2024, the online question-

naire was distributed among dental practitioners working in
dental clinics in three major cities in KSA: Jeddah, Dam-

mam, and Riyadh. Questionnaires were distributed via a
link and QR code, as well as through social media plat-
forms, particularly WhatsApp and Instagram, to dissemi-

nate our survey and engage with participants. These
platforms were selected based on their widespread use and
accessibility, which allowed us to reach a diverse group of

participants.

AI software evaluation

Second Opinion� software (available at https://www.
hellopearl.com/products/second-opinion) was selected for
evaluation. The software was provided by My Clinic dental

center. The radiographs used in this study were uploaded to
the software in PNG format, which was used to preserve
superior image quality and provide uniformity across all

assessments. After importing the images, the program used
AI algorithms for analysis. The data were then presented in
an intuitive manner using distinct visual markers that
emphasized areas of concern. This interface enabled dental

practitioners to efficiently evaluate and understand the data
(see Figure 1).
Figure 1: (A) Plain radiographs without any measurements for annota

including measurements generated by AI software. (C) Radiographs

labels for alveolar bone loss and applied as the reference standard for

Table 1: Correlations between radiographic measurements, mean est

Spearman’s rho correlation coefficients Radiographic measuremen

Radiographic measurements 1.00

Mean estimates of dental practitioners 0.547a

AI measurements 0.712a

a p-value <0.001.
Statistical analysis

Descriptive statistics were calculated to summarize the

central tendencies and variability of the data. Spearman’s
rho correlation coefficients were used to assess the strength
and direction of the monotonic relationships between vari-
ables. All statistical analyses were conducted using SPSS

version 29 (IBM Corp., Armonk, NY, USA).

Results

The survey received a total of 149 responses, resulting

in a response rate of 48 %. Among the respondents,
58.3 % were GPs, 16.7 % were periodontist specialists,
8.3 % were prosthodontics specialists, and the remaining

participants represented other dental specialties. The
majority of participants (73.6 %) had more than 4 years
of experience, and approximately 20 % had over 10 years

of experience.
The mean estimates provided by the participants had a

moderate positive correlation with the radiographic mea-
surements (rho ¼ 0.547, p < 0.001) and a weaker but still

significant correlation with the AI measurements
(rho ¼ 0.365, p < 0.001). It was notable that the AI mea-
surements had a stronger positive correlation with the

radiographic measurements (rho ¼ 0.712, p < 0.001)
compared with the estimates of the dental practitioners
(Table 1).

In Figure 2, the x-axis shows the relative frequency of
radiographic measurements and the y-axis shows the
relative frequency of measurements. Both axis labels are
marked as “relative frequency” but the axes are not

scaled. Overall, the scatter plot shows that there was a
positive correlation between the relative frequency of
tion by dental practitioners in the questionnaire. (B) Radiographs

calibrated and labeled by consultants, which were used to detect

comparison.

imates of dental practitioners, and AI measurements.

ts Mean estimates of dental practitioners AI measurements

1.00

0.365a 1.00

https://www.hellopearl.com/products/second-opinion
https://www.hellopearl.com/products/second-opinion


Figure 4: Correlation between number of measurements and mean

estimates of dental practitioners.

Figure 3: Relationship between mean estimates of dental practi-

tioners and radiographic measurements.

Figure 2: Relationship between relative frequency of AI mea-

surements and relative frequency of radiographic measurements.
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measurements and the relative frequency of radiographic
measurements.

According to Figure 3, the residual measurements
appeared to be the difference between the mean estimates
of the dental practitioners and some unknown reference

values.
Figure 4 shows that there was a positive correlation

between the number of measurements and the mean

estimates of dental practitioners. Thus, the mean estimates
of the dental practitioners tended to increase as the number
of measurements increased.
Discussion

The topic of the present study “dental practitioners

versus AI software when assessing alveolar bone loss using
intraoral radiographs was chosen due to the growing in-
terest and advancements in AI within dentistry. As AI is

increasingly applied for analyzing dental X-rays, it is crucial
to evaluate its effectiveness compared with human exper-
tise. Thus, we explored how AI can enhance the diagnostic

accuracy and efficiency when assessing alveolar bone loss.
By comparing assessments made by dental practitioners and
AI software, this study aimed to increase our understanding

of the role of technology in improving traditional diagnostic
processes.

Significant associations were found between the radio-
graphic measurements, estimates of dental practitioners, and

AI measurements. The mean estimates of dental practitioners
had a moderate positive correlation with radiographic mea-
surements and a weaker but still significant correlation with

AImeasurements. The correlation coefficients suggest that the
estimates of dental practitioners agreed moderately well with
the radiographic measurements, indicating a certain level of

proficiency at visually assessing alveolar bone loss.
However, the weaker correlation with AI measurements

highlights the potential limitations of human judgment in
accurately quantifying subtle changes in radiographic images

compared with AI algorithms, which may be due to the sub-
jective nature of human interpretations of radiographs
because of various factors, such as experience, fatigue, and

cognitive biases. Previous studies have shown that AI algo-
rithms, particularly those based on deep learning, can process
and interpret medical images with a level of precision that

surpasses human capabilities.11e13 AI has the ability to
analyze large data sets and detect minute changes that may
be overlooked by human eyes, highlighting its potential to
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enhance diagnostic accuracy. For instance, Kim et al.
discovered that a completely automated approach for PBL

detection in panoramic dental radiographs performed better
than detection by dental professionals.13 Moreover, a review
of AI integration in radiology showed that AI algorithms

can significantly improve image analysis and mitigate
diagnostic errors by providing standardized and
reproducible assessments.16 These findings suggest that

human expertise remains invaluable but the incorporation of
AI tools can complement and enhance the diagnostic process.

Interestingly, AI measurements had a stronger positive
correlation with radiographic measurements compared

with the correlation with the estimates of dental practi-
tioners. This finding highlights the great potential for using
AI technologies to accurately assess radiographic mea-

surements. The stronger correlation between AI measure-
ments and radiographic measurements suggests that AI
technologies possess the capability to provide objective and

consistent assessments of alveolar bone loss in radiographs.
This finding agrees with previous research, which demon-
strates the efficacy of AI in dental radiograph analysis and
its potential to enhance diagnostic accuracy in clinical

practice.17,18 A systematic review also highlighted the high
accuracy of AI models in detecting various dental
conditions, such as caries, osteoporosis, and PBL, with

sensitivity and specificity rates often exceeding 90 %. This
high level of accuracy shows the great potential of AI for
enhancing diagnostic precision and reducing the

likelihood of diagnostic errors.19 Furthermore, Turosz
et al. demonstrated that AI-driven software achieved high
performance metrics in analyzing dental panoramic radio-

graphs, with greater than 90 % accuracy at detecting
missing teeth, root canal fillings, and implants.20 These
findings suggest that AI can effectively complement
clinical expertise by providing practitioners with reliable

diagnostic insights, thereby improving the overall quality
of patient care. Moreover, Junhua et al. developed an AI
framework for diagnosing multiple dental diseases using

panoramic radiographs and conducted an initial
performance evaluation. The AI system obtained
promising results in accurately diagnosing various dental

conditions, further supporting the potential of AI for
enhancing diagnostic precision and reducing errors.21

However, Patil and Joda conducted a systematic review to

evaluate the effectiveness of AI models at detecting PBL and
lesion classification.22 Using various AI algorithms and
radiographic modalities, six studies met the inclusion
criteria. The results indicated mixed outcomes, where some

studies found that AI was comparable to dental clinicians
and others showed the superiority of AI.22 AI is promising
for PBL detection but further research is needed to

standardize algorithms and confirm clinical utility. Thus,
caution is advised due to the availability of limited
evidence and variations in AI performance.22

Moreover, Krois et al. investigated the use of deep CNNs
to detect PBL based on panoramic dental radiographs by
utilizing a data set of 2001 image segments.8 The CNN
comprising a seven-layer deep neural network with over 4.2

million weights achieved a mean classification accuracy of
0.81, which was comparable to the mean accuracy of 0.76
obtained by six participating dentists. Sensitivity analyses

indicated minimal changes in the performance metrics with
varying PBL cut-off values.8 The findings obtained in the
present study highlight the potential use of CNNs in dental

diagnostics, as well as suggesting that additional data and
assessments of PBL morphology could enhance
performance. Although the CNN performed in a similar

manner to experienced dentists, future research should
consider factors that might influence its performance.

Limitations

Despite the initial plan for a sample size of 310, logistical
constraints reduced the sample to 149. This reduction could
limit the generalizability and statistical power of the results,

particularly in small-group analyses or different patient
populations. Thus, further research with larger sample sizes
is necessary to corroborate and expand the findings.

Efforts were made to standardize the evaluation process,

but there could still have been variations in how dental
practitioners and specialists interpreted the radiographic
images of alveolar bone loss. Differences in expertise,

training background, and diagnostic criteria could have
affected the accuracy and consistency of their assessments,
thereby impacting the reliability of the study outcomes.

Furthermore, radiographs calibrated by consultants were
used as the reference standard for evaluating AI software. The
reliability and consistency of these reference measurements
could have been affected by interpretation bias or intra-

observer variability. Inconsistencies in the reference standard
could have introduced uncertainty into the comparative
analysis of human and AI assessments. To mitigate these

potential biases, it is essential to implement rigorous calibra-
tion protocols and ensure that multiple consultants indepen-
dently verify the reference measurements. This approach can

help enhance the reliability of the reference standard and
provide a more robust basis for comparing the diagnostic
performance of AI and human practitioners.

Given these limitations, future research should address
these challenges and build upon the findings obtained in this
study to further enhance the integration of AI technology in
dental diagnostics, ultimately improving patient care and

outcomes.

Future directions

Future research should aim to further validate the

efficacy of AI technologies in dental radiograph analysis
through large-scale clinical trials and real-world imple-
mentation studies. One strategy involves collaborating

with additional institutions and dental centers to recruit a
larger and more diverse participant pool. In addition, con-
ducting longitudinal studies will facilitate the observation of

trends and changes over time, providing more robust data.
Moreover, offering incentives and shortening the question-
naire can help increase participant response rates by moti-
vating participants to engage more actively and reducing the

burden on respondents, leading to higher completion rates.23

In addition, incorporating various AI technologies in future
research would enhance the relevance of the results obtained

across different healthcare environments. Collaborative
efforts between dental practitioners, researchers, and AI
developers are also essential to fully harness the potential



Dental practitioners versus artificial intelligence278
of AI in advancing periodontal diagnosis and treatment.
Moreover, further research should consider the effects of

using AI and its practical implications, such as how it
affects workflow, how much it costs, and how much
training is required.16e18 These issues are important for

implementing AI technologies in beneficial applications in
clinical practice. Understanding workflow implications will
aid the potential integration of AI into current clinical

practices, potentially boosting efficiency and reducing the
workload of dental practitioners.18 A thorough cost study
is crucial for assessing the financial viability of using AI
technology, including the initial expenditure on AI

technologies and the ongoing expenses related to
maintenance and upgrades, as well as potential savings
derived from enhanced diagnostic precision and

efficiency.24 Training requirements constitute a significant
area that warrants further examination. Comprehensive
training programs are essential to guarantee that dental

practitioners can proficiently and comfortably use AI
technologies,22 including understanding the capabilities and
constraints of AI, analyzing AI-generated outcomes, and
incorporating these insights into clinical decision making.

Further investigations should examine the ethical implica-
tions of AI in dental diagnostics, including data privacy,
algorithmic bias, and the involvement of practitioners in

decision making. It is essential to address these ethical
problems to guarantee the responsible and equitable
deployment of AI technology.22e24

Dental practitioners are increasingly using AI software
due to its ability to enhance patient care, increase diagnostic
precision, and streamline dental office administration.

Practitioners must address logistical, ethical, and regulatory
factors to facilitate smooth adoption without compromising
patient care. Research indicates that while some dental
practitioners acknowledge the advantages of AI, there is a

need for extensive training and education to mitigate resis-
tance and facilitate successful deployment.5 The integration
of AI software in dental settings is highly promising for

saving time and enhancing efficiency. Studies have
demonstrated that AI may enhance several aspects of
dental practice, including diagnostic procedures and

administrative functions.5,6 AI-driven diagnostic systems
can swiftly evaluate radiographic images to accurately detect
conditions such as dental caries or periodontal disease, and

thus minimize the time dentists dedicate to manual analysis.
However, further research is needed to comprehensively
understand the long-term effects of AI integration on
healthcare results and patient satisfaction.

In this study, Second Opinion� software was selected
for evaluation, which is among the first real-time dental AI
software platforms to feature a computer vision segmen-

tation model that is capable of distinguishing tooth parts
and supporting structures, as well as detecting various
conditions and pathologies in dental X-rays to provide

dental practitioners with a second opinion. This software
was approved by the Food and Drug Administration
(FDA). It was tested using the same set of radiographs
evaluated by the participants and compared to the baseline

to measure accuracy, allowing direct comparison with the
performance of human specialists. Future studies should
explore the long-term clinical outcomes obtained from

integrating AI tools like Second Opinion� into routine
dental practice. In addition, researchers should investigate
the performance of the software across diverse patient

populations and various clinical settings to ensure its
generalizability and robustness.
Conclusions

The findings obtained in this study highlight the potential
of using AI software to enhance the precision and efficiency

of alveolar bone loss assessment. Human specialists remain
indispensable but AI technologies may provide a standard-
ized and reproducible method for radiographic analysis.

More studies are needed to further validate these findings
across diverse populations and clinical settings.
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