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Introduction

Advancements in Artificial Intelligence (AI) have ushered in 
a new era of healthcare, promising enhanced diagnostic accu-
racy, treatment planning, and patient care [1]. Dentistry, as a 
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vital component of healthcare, stands to benefit significantly 
from the integration of AI technologies. One of the key driving 
factors behind the success of AI in dentistry is the availability 
and utilization of clinical data. This paper aims to delve into the 
importance of clinical data in dentistry’s AI modelling and pro-
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vide guidelines for dentists to harness this data effectively for 
improved patient care.

The field of dentistry has evolved beyond traditional practic-
es and now incorporates cutting-edge technologies to diagnose 
and treat oral health issues [2]. AI, particularly machine learn-
ing, has demonstrated remarkable potential in interpreting 
complex clinical data, aiding in early disease detection, treat-
ment planning, and decision-making. Clinical data, encompass-
ing patient records, radiographs, intraoral scans, and treatment 
outcomes, hold a wealth of information that AI algorithms can 
leverage to enhance accuracy, efficiency, and patient outcomes 
[3]. However, realizing the full potential of AI in dentistry neces-
sitates a comprehensive understanding of how to collect, pre-
process, and apply clinical data effectively.

The primary objective of this paper is to underscore the 
pivotal role of clinical data in the successful implementation 
of AI models within dentistry. By emphasizing the importance 
of quality clinical data, we seek to empower dentists with the 
knowledge and guidelines required to contribute to the devel-
opment and application of AI technologies. This paper will elu-
cidate the multifaceted benefits that AI-driven dentistry offers, 
including improved diagnostic precision, personalized treat-
ment strategies, and enhanced patient experiences.

Clinical data, encompassing a range of patient information 
such as medical history, radiographic images, dental charting, 
and treatment outcomes, forms the cornerstone of evidence-
based dentistry [4]. The integration of AI within the dental field 
hinges upon the availability of high-quality, diverse, and rep-
resentative clinical data. Such data facilitate the training and 
validation of AI algorithms, enabling them to recognize intricate 
patterns, correlations, and anomalies that might elude human 
perception. The significance of clinical data is not confined to 
its sheer volume but extends to its diversity, as a broader rep-
resentation of cases ensures generalizability and robustness of 
AI models [5].

Dentistry has witnessed a surge in digitalization, leading to 
the accumulation of vast amounts of clinical data in electronic 
health records, dental imaging systems, and treatment planning 
software. Leveraging this data effectively can lead to break-
throughs in early disease detection, treatment customization, 
and prognostic evaluation. Furthermore, the integration of AI 
can expedite the analysis of radiographs, aid in the identifica-
tion of pathological conditions, and facilitate the prediction of 
treatment outcomes, thereby streamlining workflows and el-
evating the overall standard of patient care [6].

In subsequent sections of this paper, we will delve deeper 
into the methodologies for harnessing clinical data, outline the 
challenges associated with its utilization in AI modelling, and 
provide practical guidelines for dentists to optimize data col-
lection, preprocessing, and integration within AI frameworks. 
Through this exploration, we aim to equip dental practitioners 
with the tools and insights needed to unlock the transformative 
potential of clinical data-driven AI in dentistry.

Type of study

In the realm of harnessing clinical data for AI modelling in 
dentistry, selecting an appropriate study type is paramount to 
ensure the reliability and validity of the results [7]. Two funda-

mental dimensions to consider are the nature of the data collec-
tion process and the methods of data analysis [8]. This section 
delves into two crucial aspects of study design: retrospective vs 
prospective studies, and qualitative vs quantitative approaches.

Retrospective vs Prospective studies

Retrospective and prospective studies are distinct approach-
es to gathering and analysing clinical data, each offering unique 
advantages and limitations [9]. The choice between the two de-
pends on the research objectives, available resources, and the 
specific dental question under investigation.

Retrospective studies involve analysing historical data that 
have been previously collected for other purposes. In the con-
text of dentistry, retrospective studies can leverage electronic 
health records, patient charts, and imaging databases to glean 
insights into patterns, treatment outcomes, and disease pro-
gression [10]. These studies are often cost-effective and less 
time-consuming since the data already exist. However, they 
are susceptible to biases, missing data, and limited control over 
data quality [11]. Despite these limitations, retrospective stud-
ies can provide valuable preliminary findings that guide the de-
velopment of more controlled prospective investigations.

Figure 1: Distinguishing between prospective and retrospective 
study designs, a prospective study commences by establishing the 
initial condition of the participants, followed by the deliberate im-
plementation of a controlled intervention, with subsequent mea-
surement of the resulting outcome. In contrast, a retrospective 
study draws its data from pre-existing records that were originally 
documented for purposes unrelated to the study, encompassing 
information on the intervention, baseline state, and outcome.

Prospective studies, on the other hand, involve the collec-
tion of new data from a defined patient cohort over a specific 
time period. These studies allow for greater control over data 
quality and can provide stronger evidence for causal relation-
ships between variables [12]. In the context of AI modelling 
for dentistry, prospective studies can be designed to follow pa-
tients undergoing specific treatments or interventions, tracking 
their progress, outcomes, and potential complications. While 
prospective studies are generally more resource-intensive and 
time-consuming, their robust design lends credibility to the re-
sults, making them essential for establishing clinical guidelines 
and improving patient care. Figure 1 represents distinguishing 
between prospective and retrospective study designs.
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Qualitative vs Quantitative approaches

Another pivotal decision in clinical data utilization for AI 
modelling lies in the choice between qualitative and quantita-
tive approaches to data analysis. These approaches offer com-
plementary perspectives on clinical phenomena, enabling a 
comprehensive understanding of patient care dynamics.

Qualitative analysis involves exploring the underlying mean-
ings, experiences, and perceptions of patients, dentists, and 
other stakeholders. Techniques such as interviews, focus groups, 
and content analysis can uncover nuances that quantitative 
methods may overlook [13]. In dentistry, qualitative research 
can unearth patient preferences, barriers to treatment adher-
ence, and contextual factors influencing oral health practices. 
Integrating qualitative findings into AI models can enhance their 
accuracy and relevance by accounting for the human element in 
patient care [14].

Quantitative analysis, on the other hand, focuses on numeri-
cal data and statistical relationships. This approach is essential 
for assessing the effectiveness of treatments, identifying trends 
in disease prevalence, and quantifying risk factors [15]. By le-
veraging large datasets of clinical measurements, diagnostic im-
ages, and patient demographics, quantitative approaches facili-
tate the development of predictive models that aid in diagnosis, 
treatment planning, and patient management [16]. Advanced 
statistical techniques, such as machine learning algorithms, can 
extract intricate patterns from these data sources, enabling 
dentists to make evidence-based decisions [17]. 

Figure 2: Qualitative vs. Quantitative. Qualitative research delves 
into the realm of concepts and ideas, employing data inputs like 
images, text, and videos to paint a rich narrative. On the other 
hand, quantitative research relies on the precision of numerical 
data sets.

The selection of study type and data analysis approach is 
pivotal when harnessing clinical data for AI modelling in den-
tistry. The choice should align with the research objectives, 
available resources, and the level of evidence required for in-
formed clinical decision-making. Integrating both retrospective 
and prospective studies, as well as qualitative and quantitative 
analyses, can yield a comprehensive understanding of dental 
practices, ultimately leading to enhanced patient care.

The role of clinical data in AI modelling 

In recent years, AI has emerged as a transformative technol-
ogy with the potential to revolutionize various fields of health-
care, including dentistry. The integration of AI techniques within 
dental practices holds great promise for enhancing patient care, 
diagnosis, treatment planning, and overall practice efficiency. A 
critical component of successful AI implementation in dentistry 

is the utilization of high-quality clinical data. This section delves 
into the significance of clinical data in AI modelling within the 
dental domain.

Understanding AI in dentistry

AI, broadly defined as the simulation of human intelligence 
processes by machines, encompasses a range of techniques 
such as machine learning, deep learning, and natural language 
processing [18]. In dentistry, AI can be leveraged to analyse vast 
amounts of clinical data, identify patterns, make predictions, 
and offer valuable insights that can aid dentists in making in-
formed decisions. From image analysis of radiographs to data-
driven treatment planning, AI has the potential to augment the 
capabilities of dental professionals, leading to more accurate 
diagnoses and personalized treatment strategies [19].

Importance of high-quality datasets for AI models

Central to the success of AI models in dentistry is the avail-
ability of high-quality clinical datasets. Clinical data, comprising 
patient records, radiographic images, treatment histories, and 
other relevant information, serve as the foundation upon which 
AI algorithms are built and refined. The quality of these datas-
ets significantly influences the performance and reliability of AI 
models [20]. Well-curated and comprehensive datasets ensure 
that AI algorithms are trained on diverse cases, leading to ro-
bust models capable of handling a variety of patient scenarios.

Dentists play a crucial role in curating and preparing these 
datasets. Accurate and standardized data collection, includ-
ing patient demographics, medical history, dental charts, and 
treatment outcomes, is essential to ensure the integrity of the 
dataset. Dentists must also collaborate with data scientists to 
address issues related to data privacy, security, and compliance 
with regulations such as HIPAA and GDPR safeguarding patient 
confidentiality while maximizing the potential of AI model-
ling. HIPAA (Health Insurance Portability and Accountability 
Act) regulations protect the privacy and security of individuals’ 
health information [21]. The General Data Protection Regula-
tion (GDPR) is a comprehensive European Union (EU) law that 
aims to protect the privacy and data rights of individuals by 
regulating the collection and processing of their personal data 
by organizations [22].

Data analytics lifecycle model

Figure 3 shows the data analytics lifecycle model, which 
comprises six crucial stages that collectively drive effective da-
ta-driven decision-making. It all begins with Discovery, where 
businesses gain an understanding of their objectives, align re-
sources, and lay the foundation for a successful data analytics 
project. Following this is the Data Preparation stage, where 
raw data is cleaned, transformed, and made ready for analysis. 
In Model Planning, analysts strategize their approach to solv-
ing the problem, choosing appropriate techniques and tools. 
Model Building is the phase where algorithms are applied to 
the prepared data, creating predictive or descriptive models. 
Once these models are generated, it’s time to Communicate 
Results, conveying findings to stakeholders in a comprehensible 
manner. Lastly, operationalize ensures that the models are inte-
grated into the organization’s processes, enabling ongoing data-
driven decision-making [23,24]. This lifecycle model serves as a 
roadmap for organizations seeking to harness the power of data 
analytics effectively.
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Figure 3: The Data Analytics Lifecycle Model. The Data Analytics 
Lifecycle model comprises six key stages: 1) Discovery, where the 
business objectives are understood, and necessary resources are 
prepared; 2) Data preparation, involving data collection, cleaning, 
and transformation; 3) Model planning, where the analytics ap-
proach and tools are defined; 4) Model building, where the actual 
analysis and modelling take place; 5) Communicate Results, where 
findings are presented to stakeholders; and 6) Operationalize, 
which involves implementing the model into production for ongo-
ing use. These stages collectively form a structured framework for 
effective data-driven decision-making.

Benefits of AI applications in dentistry

The application of AI in dentistry brings forth a myriad of 
benefits that have the potential to transform patient care and 
practice management. One of the most significant advantages 
is the ability to expedite diagnosis and treatment planning [25]. 
AI models trained on large datasets can rapidly identify subtle 
patterns indicative of dental conditions, enabling early detec-
tion and intervention. This leads to timely treatments, poten-
tially preventing the progression of diseases and reducing pa-
tient discomfort [26].

Furthermore, AI can assist dentists in making more accurate 
and personalized treatment recommendations. By analysing 
patient-specific data, such as medical history, oral health re-
cords, and genetic factors, AI algorithms can generate tailored 
treatment plans that align with individual patient needs [27]. 
This personalized approach enhances treatment outcomes and 
patient satisfaction. In addition to clinical applications, AI can 
enhance practice efficiency by automating routine administra-
tive tasks, optimizing appointment scheduling, and improving 
resource allocation. This streamlining of administrative process-
es allows dental professionals to focus more on patient interac-
tions and complex cases.

The integration of AI in dentistry has the potential to reshape 
how dental care is delivered. However, the success of AI model-
ling hinges upon the quality of clinical data used to train and 
validate these models. Dentists, as custodians of patient data, 
play a pivotal role in providing high-quality datasets and collab-
orating with data scientists to ensure the ethical and effective 
implementation of AI technologies for enhanced patient care.

Challenges and ethical considerations 

As the integration of AI in dentistry becomes more preva-
lent, dentists and researchers must confront various challenges 
and ethical considerations associated with utilizing clinical data 
for AI modelling to enhance patient care [28]. These challenges 
encompass issues related to data privacy, security, and com-

pliance, as well as the need for de-identification techniques 
to ensure patient confidentiality. Addressing these concerns 
is paramount to maintaining patient trust and the responsible 
development of AI-driven solutions in the dental field [29,30].

Data privacy and patient confidentiality

The principle of patient confidentiality has long been upheld 
in medical practice, and its significance extends to the realm of 
AI modelling in dentistry. Clinical data, often containing sensi-
tive patient information, is central to AI development but must 
be handled with utmost care to preserve patient privacy. Den-
tists and researchers must be cognizant of data sharing prac-
tices and the potential risks of re-identification, where seem-
ingly anonymized data can be traced back to individuals. Proper 
measures, such as data encryption, access controls, and data 
minimization, must be employed to safeguard patient informa-
tion and ensure compliance with privacy regulations [29,31].

Data security and compliance with regulations

Data breaches and unauthorized access pose significant 
threats to patient data security. As dentists and researchers har-
ness clinical data for AI modelling, adherence to relevant data 
protection regulations is imperative. Regulations such as the 
HIPAA in the United States and GDPR in the European Union set 
stringent requirements for handling and processing healthcare 
data. Dentists engaged in AI development must be well-versed 
in these regulations, implement robust security measures, con-
duct regular risk assessments, and stay updated with evolving 
cybersecurity best practices to prevent breaches and ensure 
compliance [29,32].

De-identification techniques for anonymization

To strike a balance between data utilization and patient pri-
vacy, de-identification techniques play a pivotal role. De-iden-
tification involves removing or altering patient identifiers from 
clinical data to render them anonymous. This process ensures 
that the data used for AI modelling cannot be linked back to 
specific individuals [32-34]. Techniques like pseudonymization, 
tokenization, and generalization can be employed to effectively 
anonymize data while retaining its utility for research and AI de-
velopment [35]. Dentists must acquire a comprehensive under-
standing of these techniques and integrate them into their AI 
modelling workflows to mitigate the risks associated with data 
re-identification.

As the dental field embraces AI modelling to enhance patient 
care, dentists and researchers must navigate a complex land-
scape of challenges and ethical considerations. Data privacy, 
security, and compliance with regulations are crucial aspects 
that demand meticulous attention. De-identification tech-
niques provide a means to ensure patient confidentiality while 
enabling meaningful AI-driven insights. By adopting responsible 
practices and staying abreast of evolving ethical and regulatory 
standards, dentists can harness the power of clinical data in AI 
modelling while upholding the highest standards of patient care 
and privacy.

Collecting and curating clinical data 

Effective utilization of clinical data in dentistry requires care-
ful collection and curation of diverse datasets. This section 
focuses on the key steps involved in identifying relevant data 
types, selecting appropriate variables, and employing various 
data collection methods.
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Data Category Advice for Recording Data

Patient Information

- Collect patient's name, age, gender, and contact information.

- Maintain a standardized format for contact info (e.g., phone, email).

- Protect patient privacy and comply with data protection regulations.

Medical History
- Document detailed medical histories, including pre-existing conditions.

- Record relevant dates and updates over time.

Dental History
- Gather information on past dental treatments and issues.

- Record dates of significant dental events.

Allergies and Medications - Document known allergies and current medications.

Clinical Data

- Store intraoral and extraoral photographs with clear metadata.

- Categorize radiographic images (X-rays, CBCT scans) by type and date.

- Organize intraoral scans with information on the scanner used.

- Maintain clinical examination findings in a structured format.

Treatment Records

- Create structured treatment plans with proposed procedures.

- Use standardized procedure codes and descriptions.

- Document records of dental procedures performed with dates.

- Store prescription records with medication details.

Radiographic Data
- Categorize radiographic images by type (e.g., bitewing, panoramic).

- Include metadata like exposure settings and patient ID.

Laboratory Data
- Record dental impressions and casts with patient identifiers.

- Store shade and color matching records with descriptions.

Periodontal Data
- Maintain periodontal charting data with measurement details.

- Keep gingival health records and plaque/calculus assessments.

Orthodontic Data
- Organize orthodontic records by type (X-rays, models, photos).

- Record bite registrations and appliance placement details.

Endodontic Data
- Document records of root canal treatments with dates.

- Store radiographic images of root canals with metadata.

Oral Surgery Data
- Include surgical reports and pre/postoperative records.

- Organize records of extractions and other surgical procedures.

Prosthodontic Data
- Record details of crown, bridge, and denture work.

- Include information about materials used and fabrication dates.

Dental Laboratory Data
- Maintain work orders for prosthetic fabrication.

- Include quality control data for lab work.

Research Data
- Categorize data from clinical trials and studies.

- Document research on dental materials and techniques.

Billing and Insurance Data
- Keep records of billing, insurance claims, and payments.

- Ensure compliance with healthcare billing regulations.

Practice Management Data
- Record scheduling and appointment data with timestamps.

- Keep patient communications and financial records organized.

Patient Consent Forms
- Maintain informed consent forms for various procedures.

- Link consent forms to relevant patient records.

Infection Control and Sterilization Data
- Record sterilization cycles for instruments and equipment.

- Maintain infection control protocols and compliance records.

Digital Records

- Store electronic health records (EHRs) securely.

- Organize digital radiographs and images with clear metadata.

- Keep electronic communication and correspondence records.

Identifying relevant data types and variables

Dentistry encompasses a wide range of patient-related infor-
mation that can be valuable for AI modelling. Identifying the 
right data types and variables is essential to ensure the accuracy 
and applicability of AI-driven solutions. Commonly considered 
data types and variables include [36,37]:

a)	 Patient demographics: Age, gender, ethnicity, and so-
cioeconomic status.

b)	 Medical history: Existing health conditions, allergies, 
medications, and relevant medical procedures.

c)	 Dental history: Previous treatments, surgeries, dental 
conditions, and oral hygiene practices.

Table 1: Data category and advice on how to record. prioritize patient privacy and data security throughout the dataset 
creation process and comply with relevant regulations, such as HIPAA. Proper documentation, standardized formats, and 
metadata are essential for creating a valuable and organized dental dataset for research and practice management purposes.
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d)	 Clinical assessments: Examination findings, diagnostic 
codes, and treatment plans.

e)	 Radiographic and imaging data: X-rays, intraoral and 
extraoral images, and 3D scans.

f)	 Clinical notes and reports: Progress notes, operative 
reports, and referrals.

g)	 Treatment outcomes: Post-treatment evaluations, pa-
tient satisfaction scores, and complications.

h)	 Patient surveys and questionnaires: Feedback on pain 
levels, treatment preferences, and quality of life impact.

Creating a well-structured dataset in dentistry requires care-
ful organization of the information you’ve provided. Table 1 out-
lines each data category and provides advice on how to record 
them for creating a comprehensive dental dataset in the future. 

Data collection methods

Several data collection methods are commonly employed in 
dentistry to obtain the necessary information for AI modelling. 
Each method has its own advantages and challenges.

Electronic Health Records (EHRs)

Electronic Health Records (EHRs) have become central to 
modern healthcare systems. In dentistry, EHRs store patient 
demographic details, medical and dental histories, radiographic 
images, treatment plans, and progress notes [38]. Dentists can 
tap into EHRs to access comprehensive patient data, fostering 
a holistic approach to treatment planning. However, challenges 
may arise due to variations in EHR systems, data quality, and 
interoperability issues [39,40].

Imaging and radiographic data

Dental imaging, including X-rays, Cone-Beam Computed 
Tomography (CBCT) scans, and intraoral and extraoral photo-
graphs, provides valuable insights for diagnosis and treatment 
planning [41]. These images offer visual evidence of dental con-
ditions, aiding AI models in accurate diagnosis. Proper storage, 
retrieval, and integration of imaging data are essential, along 
with considerations for patient privacy and radiation exposure.

Clinical notes and reports

Clinical notes and reports document patient interactions, 
treatment plans, and outcomes. These narratives can provide 
context to quantitative data, enhancing the understanding of 
patient cases. Structured and standardized documentation 
practices facilitate data extraction for AI models, but the chal-
lenge lies in reconciling diverse formats and terminology [42].

Patient surveys and questionnaires

Patient surveys and questionnaires offer subjective insights 
into patient experiences, preferences, and outcomes. They can 
help personalize treatment plans and improve patient satisfac-
tion. Designing effective surveys and ensuring high response 
rates are crucial to obtaining meaningful data. However, po-
tential biases and the need for careful interpretation should be 
considered [43].

Collecting and curating clinical data in dentistry involves 
identifying relevant data types, selecting appropriate variables, 
and employing diverse data collection methods [44]. Each 
method comes with its own considerations and challenges, re-

quiring dentists to adopt a strategic and multidimensional ap-
proach to harnessing the power of clinical data for AI modelling 
and enhanced patient care.

Ensuring data quality and accuracy

Data quality and accuracy are paramount when harness-
ing clinical data for AI modelling in dentistry. Ensuring that the 
data used to train and validate AI algorithms are reliable and 
error-free is essential for the success of any AI-driven initiative 
in healthcare.

Data cleaning and preprocessing

Data cleaning and preprocessing are critical steps in the jour-
ney toward high-quality clinical data. Dentists and researchers 
must follow meticulous procedures to clean and prepare the 
data before feeding it into AI models. The following techniques 
can aid in this process [45]:

a)	 Outlier detection and handling: Identifying and ad-
dressing outliers is crucial as they can skew the results and lead 
to incorrect predictions. Dentists should use statistical meth-
ods and visualization techniques to detect outliers and make 
informed decisions about whether to remove or adjust them.

b)	 Normalization and standardization: Data often come 
in various formats and units. Normalization and standardization 
techniques help bring data to a common scale, making it easier 
for AI models to interpret and learn from the information. This 
step ensures that data from different sources can be effectively 
integrated.

c)	 Feature engineering: Feature engineering involves se-
lecting, creating, or transforming variables to improve the per-
formance of AI models. Dentists should collaborate with data 
scientists to identify relevant features and engineer them to 
enhance the model’s predictive power.

d)	 Handling imbalanced data: In some cases, clinical data 
may be imbalanced, meaning there are significantly more sam-
ples from one class than another (e.g., rare diseases). Dentists 
should explore techniques like over-sampling, under-sampling, 
or synthetic data generation to address this imbalance and pre-
vent model bias.

e)	 Data validation: Cross-validation and validation sets are 
essential to evaluate the performance of AI models and ensure 
they generalize well to new data. Dentists should partition their 
data appropriately and establish rigorous validation protocols.

Dealing with missing data

Missing data is a common challenge in clinical datasets and 
can negatively impact AI model performance. Dentists need to 
employ strategies to handle missing data effectively [46]:

a)	 Data imputation: Dentists can use data imputation 
techniques to fill in missing values with estimated or predicted 
values. Imputation methods can include mean imputation, me-
dian imputation, or more advanced techniques like regression 
imputation based on other correlated variables.

b)	 Assessing the impact: Dentists should assess the 
impact of missing data on the research or clinical question at 
hand. Depending on the extent and nature of missingness, they 
may decide to exclude certain variables or samples from the 
analysis.
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c)	 Multiple imputation: Multiple imputation is a sophisti-
cated technique that generates multiple datasets with imputed 
values, accounting for uncertainty. Dentists can use this ap-
proach to provide more robust and reliable results.

d)	 Transparent reporting: When presenting research 
findings or clinical decisions based on AI models, it is crucial to 
transparently report how missing data were handled. This en-
sures the credibility and reproducibility of the study.

Ensuring data quality and accuracy through data cleaning and 
preprocessing is essential in AI modelling for dentistry. Dentists 
and researchers should pay close attention to data preparation 
techniques, handle outliers, normalize data, engineer relevant 
features, address imbalanced datasets, and develop strategies 
for handling missing data. These steps contribute to the reliabil-
ity and robustness of AI models in clinical practice.

Building comprehensive and diverse datasets 

To harness the power of clinical data effectively in AI mod-
elling for dentistry, it is essential to build comprehensive and 
diverse datasets. This section discusses strategies for data sam-
pling, population representation, collaboration with multiple 
practices or institutions, and the role of multicentre studies in 
achieving these goals.

Data sampling and population representation

Sampling strategies

Sampling is a critical step in dataset construction. Dentists 
and researchers must carefully select samples that accurately 
represent the population of interest. Consider the following 
sampling strategies [47,48]:

a)	 Random sampling: Randomly selecting patient data 
from a larger pool ensures that each case has an equal chance 
of inclusion. This method reduces selection bias and enhances 
the dataset’s representativeness.

b)	 Stratified sampling: Stratification involves dividing the 
population into subgroups based on specific criteria, such as 
age, gender, or dental condition. Samples are then randomly 
selected from each subgroup to ensure representation across 
all categories.

c)	 Oversampling underrepresented groups: To address 
disparities in data representation, consider oversampling un-
derrepresented groups, such as rare dental conditions or demo-
graphic minorities. This helps avoid bias and ensures inclusivity.

d)	 Longitudinal data: Collect data over time to capture 
changes in patient conditions and treatment outcomes. Longi-
tudinal data provide valuable insights into disease progression 
and treatment effectiveness.

Ensuring diversity

Diversity within the dataset is crucial to train AI models that 
can generalize well to various patient populations [49]. Den-
tists should strive to include data from patients of different age 
groups, genders, ethnicities, and socio-economic backgrounds. 
This diversity enhances the model’s ability to adapt to the 
unique characteristics of individual patients and improves its 
overall accuracy.

Collaborating with multiple practices or institutions

Collaboration with multiple dental practices or institutions 

can significantly enrich the dataset used for AI modelling. Den-
tists should consider the following approaches [50,51]:

a)	 Data sharing agreements: Establish clear data sharing 
agreements and protocols with other dental practices or institu-
tions. Ensure compliance with data privacy regulations, and de-
fine roles and responsibilities for data collection, management, 
and sharing.

b)	 Data standardization: Standardize data collection pro-
cedures and terminologies across collaborating practices to en-
sure data consistency. This step is essential for combining data 
effectively and reducing variability.

c)	 Data integration: Develop systems or platforms for 
seamless data integration from multiple sources. This integra-
tion facilitates the creation of a more comprehensive dataset by 
combining data from various dental practices or institutions.

d)	 Quality control: Implement quality control measures 
to verify the accuracy and completeness of data received from 
collaborators. Regular audits and data validation processes help 
maintain data integrity.

The role of multicentre studies

Multicentre studies are research investigations conducted 
at multiple healthcare or research facilities to collect data from 
diverse populations, enhancing the generalizability of findings. 
Multicentre studies play a pivotal role in creating diverse and 
robust datasets for AI modelling in dentistry. These studies in-
volve data collection from multiple dental institutions or clinics, 
often across different geographic locations. Here are some key 
considerations for conducting multicentre studies [52]:

a)	 Study design: Collaborate with participating centres to 
design a study protocol that addresses specific research objec-
tives. Ensure consistency in data collection methods and criteria 
for patient inclusion.

b)	 Data harmonization: Harmonize data collection pro-
cedures and variables across all participating centres to ensure 
uniformity. This step is crucial for combining data effectively 
and minimizing variability.

c)	 Ethical approval: Seek ethical approval and clearance 
from the relevant Institutional Review Boards (IRBs) or ethics 
committees at each participating centre. Compliance with ethi-
cal standards is essential when conducting multicentre studies.

d)	 Data sharing and governance: Establish data sharing 
and governance mechanisms to protect patient privacy, comply 
with regulations, and outline data access policies. Clearly define 
roles and responsibilities of each centre regarding data man-
agement and sharing.

e)	 Data analysis: Collaboratively analyse the combined 
dataset to derive meaningful insights. AI models trained on 
multicentre data can offer a broader perspective on dental con-
ditions and treatment outcomes.

Building comprehensive and diverse datasets for AI model-
ling in dentistry requires careful consideration of data sampling 
strategies, population representation, collaboration with mul-
tiple practices or institutions, and the implementation of mul-
ticentre studies. Dentists, researchers, and institutions should 
work together to create high-quality datasets that can drive the 
development of effective AI-driven solutions for enhanced pa-
tient care in dentistry.
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Data standardization and interoperability 

Clinical data standardization and interoperability are critical 
components of harnessing the power of clinical data in dentist-
ry for AI modelling. Standardization ensures that data collected 
from various sources are structured in a consistent and uniform 
manner, while interoperability enables seamless data exchange 
and integration between different systems and healthcare pro-
viders [53,54]. This section discusses the importance of adopt-
ing common data standards and ensuring data interoperability 
for AI models in dentistry.

Adopting common data standards

Dental terminology standardization: Standardizing dental 
terminology is essential to ensure that data across different 
dental practices and institutions are described consistently 
[55]. Common dental coding systems, such as the Current Den-
tal Terminology (CDT) codes [56], facilitate the recording and 
exchange of dental procedures and diagnoses. Dentists should 
use standardized coding systems when documenting patient in-
formation to promote data uniformity.

Health Information Exchange (HIE) standards: Health Infor-
mation Exchange (HIE) standards are a set of protocols and for-
mats that enable the secure and interoperable sharing of elec-
tronic health information among healthcare organizations and 
systems [57]. HIE standards play a vital role in enabling the se-
cure and standardized sharing of patient data across healthcare 
organizations. Dentists should be aware of HIE standards and 
protocols, such as Health Level Seven International (HL7) [58], 
to facilitate data exchange between dental practices, hospitals, 
and other healthcare entities. This interoperability ensures that 
AI models can access comprehensive patient records for more 
accurate analysis.

Dental imaging standards: Standardization in dental imag-
ing is crucial for AI models that rely on radiographs and other 
imaging data. The Digital Imaging and Communications in Medi-
cine (DICOM) standard is a widely used format for storing and 
transmitting medical images and associated information in a 
standardized manner [59]. Dentists should ensure that their im-
aging equipment and software adhere to DICOM standards to 
enhance data quality and interoperability.

Ensuring data interoperability for AI models

Integration with Electronic Health Records (EHRs): To maxi-
mize the utility of clinical data for AI modelling, dentists should 
work toward integrating AI solutions with existing EHR systems. 
This integration allows AI models to access real-time patient 
data and historical records, facilitating more accurate and per-
sonalized treatment recommendations [60]. Dentists should 
collaborate with EHR vendors and IT professionals to ensure 
seamless integration while maintaining data security.

Cross-platform compatibility: AI models used in dentistry 
should be designed to run on different computing platforms 
and operating systems. Ensuring cross-platform compatibility 
allows dental practices with varying technology infrastructures 
to adopt AI solutions without compatibility issues [61]. Dentists 
should select AI software and tools that are adaptable to differ-
ent environments and technologies.

Data exchange protocols: Implementing standardized data 
exchange protocols, such as Fast Healthcare Interoperabil-
ity Resources (FHIR) for healthcare data, enables the efficient 
and secure sharing of clinical data between systems. FHIR is a 

standardized framework for exchanging healthcare informa-
tion electronically, designed to facilitate interoperability in the 
healthcare industry [62]. Dentists should be familiar with these 
protocols and ensure that AI models can communicate seam-
lessly with EHRs, imaging systems, and other data sources. This 
interoperability enhances the accuracy and timeliness of AI-
driven insights.

Data security and privacy

While promoting data interoperability, dentists must priori-
tize data security and patient privacy. Implementing robust se-
curity measures, encryption techniques, and access controls is 
essential to protect patient information during data exchange 
[63]. Dentists should also stay updated on data protection regu-
lations and compliance requirements to ensure that AI models 
adhere to ethical and legal standards.

Data standardization and interoperability are fundamental 
aspects of leveraging clinical data for AI modelling in dentistry. 
Dentists should adopt common data standards, facilitate data 
exchange, and prioritize data security to enable AI models to 
access, analyse, and utilize clinical data effectively. These ef-
forts not only enhance patient care but also contribute to the 
responsible and ethical implementation of AI technologies in 
the dental field.

Data sharing and collaboration 

Data sharing and collaboration are essential components of 
harnessing the power of clinical data in dentistry for AI model-
ling and enhanced patient care. In this section, we explore the 
value of open data sharing, the importance of collaborating 
with researchers and scientists, and strategies to overcome bar-
riers to data sharing.

The value of open data sharing

Open data refers to publicly accessible data that can be free-
ly used, shared, and redistributed by anyone without restric-
tions or limitations [64]. Open data sharing in dentistry involves 
making clinical datasets and research findings accessible to a 
broader community of researchers, practitioners, and data sci-
entists. This approach offers several significant benefits [65,66]:

a)	 Accelerated research: Open data sharing accelerates 
the pace of research by allowing multiple teams to work on di-
verse datasets. This collaborative effort can lead to quicker ad-
vancements in AI models, resulting in improved patient care.

b)	 Diverse perspectives: Sharing data with a wider audi-
ence brings in diverse perspectives and expertise. Researchers 
from various backgrounds can contribute insights and innova-
tive approaches to AI modelling, leading to more robust and ac-
curate algorithms.

c)	 Validation and reproducibility: Open data sharing fa-
cilitates the validation and reproducibility of research findings. 
Other researchers can independently assess and verify the re-
sults, enhancing the credibility of AI models and research out-
comes.

d)	 Data pooling: Combining datasets from multiple 
sources can lead to larger, more comprehensive datasets. This 
pooling of data can improve the generalizability and effective-
ness of AI models, especially in rare or complex dental condi-
tions.

e)	 Ethical advancements: Open data sharing promotes 
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transparency and ethical data use. Researchers are more likely 
to adhere to ethical standards when their work is subject to 
scrutiny by the broader scientific community.

Collaborating with researchers and scientists

Collaboration between dentists and researchers or scientists 
specializing in AI and data analysis is essential for harnessing 
clinical data effectively [67,68]:

a)	 Interdisciplinary teams: Forming interdisciplinary 
teams that include dentists, data scientists, machine learning 
experts, and healthcare researchers ensures a well-rounded ap-
proach to AI modelling. Each team member brings unique skills 
and knowledge to the project.

b)	 Data expertise: Collaborating with data experts is cru-
cial for data preprocessing, feature engineering, and algorithm 
development. Data scientists can assist in extracting valuable 
insights from clinical data.

c)	 Research partnerships: Establishing research partner-
ships with academic institutions or research organizations can 
provide access to cutting-edge AI methodologies and resources. 
These partnerships can lead to joint research projects and fund-
ing opportunities.

d)	 Continuous communication: Effective communica-
tion between dental practitioners and researchers is essential 
throughout the project. Dentists should convey clinical insights 
and domain-specific knowledge, while researchers can trans-
late this information into AI models.

Overcoming barriers to data sharing

Despite the benefits of data sharing, there are challenges 
and barriers that need to be addressed [69,70]:

a)	 Data Privacy and Security: Ensuring patient data pri-
vacy and security is paramount. Dentists must implement ro-
bust data encryption, access controls, and de-identification 
techniques to protect sensitive information.

b)	 Regulatory Compliance: Adhering to healthcare data 
regulations like HIPAA is critical. Dentists and researchers must 
navigate regulatory requirements to ensure legal data sharing 
practices.

c)	 Data Ownership: Clarifying data ownership and con-
sent issues is essential. Dentists should obtain informed con-
sent from patients for data sharing and clearly define owner-
ship agreements when collaborating with external partners.

d)	 Data Quality and Standardization: Maintaining data 
quality and standardization across different sources can be chal-
lenging. Dentists should establish data collection protocols and 
quality assurance measures.

e)	 Cultural Shift: Overcoming the cultural shift towards 
data sharing in healthcare is crucial. Dentists and healthcare in-
stitutions should promote a culture of data transparency and 
collaboration.

Open data sharing and collaboration between dentists and 
researchers are integral to harnessing clinical data for AI model-
ling in dentistry. Embracing these practices can lead to faster 
advancements, improved patient care, and the responsible and 
ethical development of AI-driven solutions in the dental field. 
Overcoming barriers and ensuring data privacy and security are 

essential for successful collaboration in this data-driven era of 
dentistry.

Overcoming bias and generalization issues 

In the pursuit of harnessing clinical data for AI modelling in 
dentistry, it is essential to address bias and generalization is-
sues. Bias in datasets and the failure of AI models to generalize 
effectively can lead to inaccurate or unfair outcomes [71]. This 
section discusses strategies for recognizing and mitigating bias 
in datasets and offers insights into strategies for generalizing AI 
models for improved patient care.

Recognizing and mitigating bias in datasets

Bias in datasets can arise from various sources, including dis-
parities in patient demographics, unequal access to dental care, 
and systematic errors in data collection [72]. Recognizing and 
mitigating bias is crucial to ensure that AI models provide equi-
table and reliable results [73].

a)	 Data audit and evaluation: Dentists and data scien-
tists should conduct a comprehensive audit of clinical data to 
identify potential sources of bias. This involves examining de-
mographic imbalances, disparities in data collection methods, 
and any historical biases in the data. By understanding the bi-
ases present in the dataset, steps can be taken to mitigate their 
impact.

b)	 Diverse representation: Ensuring that the dataset 
represents a diverse patient population is essential to mitigate 
bias. Efforts should be made to collect data from a wide range of 
demographics, including age, gender, ethnicity, socioeconomic 
status, and geographic location. This diversity helps the AI mod-
el learn from a broader set of patient experiences and reduces 
the risk of biased outcomes.

c)	 Fair data collection practices: Dentists and data collec-
tors should implement fair data collection practices to minimize 
bias during data entry. This includes standardized data collec-
tion procedures, clear guidelines for data recording, and ongo-
ing training to reduce human error in data collection.

d)	 Algorithmic fairness: Data scientists should employ al-
gorithms and techniques that promote fairness and equity. Fair-
ness metrics can be used to assess model performance across 
different demographic groups. Adjustments to the model can 
be made to ensure that it does not disproportionately favor or 
harm any particular group.

e)	 Transparency and accountability: Dentists and re-
searchers should prioritize transparency in AI model develop-
ment. This includes documenting data preprocessing steps, 
algorithm choices, and any adjustments made to address bias. 
Accountability measures should be in place to review and ad-
dress bias-related issues as they arise.

Strategies for generalizing AI models

Generalization is the ability of an AI model to apply what it 
has learned from one set of data to make accurate predictions 
on new, unseen data [74]. Generalization issues can arise when 
AI models overfit the training data or fail to adapt to variations 
in real-world patient cases. Strategies to enhance generaliza-
tion in AI models include [75,76]:

a)	 Cross-validation: Cross-validation techniques, such as 
k-fold cross-validation, can help assess a model’s generaliza-
tion performance. By splitting the data into multiple subsets 
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for training and testing, cross-validation provides a more robust 
evaluation of a model’s ability to generalize to unseen data.

b)	 Regularization techniques: Regularization methods, 
like L1 and L2 regularization, can prevent overfitting by adding 
penalty terms to the model’s loss function. These penalties en-
courage the model to simplify its predictions, leading to better 
generalization.

c)	 Data augmentation: Data augmentation involves cre-
ating new training examples by applying random transforma-
tions or perturbations to the existing data. This technique can 
help the model learn from a wider range of data variations, im-
proving its ability to generalize.

d)	 Ensemble learning: Ensemble learning involves com-
bining multiple AI models to make predictions. By aggregat-
ing the outputs of several models, ensemble methods often 
achieve better generalization by reducing the impact of indi-
vidual model biases or errors.

e)	 Transfer learning: Transfer learning allows AI models 
to leverage knowledge learned from one task or dataset to im-
prove performance on a related task or dataset. Dentists can 
explore pre-trained models and adapt them for dental applica-
tions, reducing the need for large amounts of domain-specific 
data.

f)	 Real-world testing: AI models should undergo rigor-
ous testing in real-world dental practice settings. Regular evalu-
ations of the model’s performance on diverse patient cases 
ensure that it continues to generalize effectively and provide 
accurate insights.

g)	 Continuous learning: AI models should be designed 
for continuous learning and adaptation. As new clinical data be-
comes available, models can be updated and refined to main-
tain their generalization capabilities and adapt to evolving pa-
tient care needs.

Recognizing and mitigating bias in datasets and enhancing 
the generalization of AI models are essential steps in harnessing 
clinical data for AI modelling in dentistry. By addressing these 
issues, dentists and researchers can develop AI-driven solutions 
that provide equitable and accurate patient care while main-
taining the highest standards of ethics and quality.

Best practices for data preservation and storage 

Clinical data in dentistry, crucial for AI modelling and enhanc-
ing patient care, must be preserved, and stored securely to en-
sure its long-term accessibility and integrity. Implementing best 
practices for data preservation and storage is essential to safe-
guard this valuable resource.

Long-term data preservation

Long-term data preservation involves strategies to ensure 
that clinical data remains accessible and usable for extended 
periods, even as technology evolves. Dentists and researchers 
should consider the following best practices [77,78]:

a)	 Data standardization: Standardize data formats, cod-
ing schemes, and metadata to facilitate data interoperability 
and reduce the risk of data obsolescence. Using widely accept-
ed data standards ensures that data can be interpreted and uti-
lized by future AI systems and research.

b)	 Version control: Implement version control systems to 

track changes and updates to datasets. Maintaining a clear ver-
sion history helps ensure data consistency and allows for the 
retrieval of previous dataset iterations if needed.

c)	 Data documentation: Create comprehensive data doc-
umentation that includes data dictionaries, data lineage, and 
descriptions of data collection processes. This documentation 
should be regularly updated to provide context for future users.

d)	 Data migration plans: Develop data migration strate-
gies to transfer data from outdated storage systems or formats 
to newer ones. As technology advances, it’s crucial to have a 
plan for preserving and updating data to remain compatible 
with evolving AI models and tools.

e)	 Data preservation policies: Establish clear data pres-
ervation policies and assign responsibility for data stewardship. 
Dentists and research teams should define roles and responsi-
bilities for data custodians and ensure ongoing commitment to 
data preservation efforts.

Data backup and redundancy measures

To protect clinical data from loss or corruption, implement-
ing robust data backup and redundancy measures is essential 
[79,80]:

a)	 Regular backups: Regularly schedule automated back-
ups of clinical data to prevent data loss due to hardware fail-
ures, system crashes, or accidental deletions. Backup frequency 
should be determined based on data volatility and importance.

b)	 Off-site storage: Store backup copies of clinical data 
off-site, preferably in geographically distant locations, to safe-
guard against disasters such as fires, floods, or physical theft. 
Cloud-based storage solutions with encryption can enhance 
data security and accessibility.

c)	 Redundant storage systems: Implement redundant 
storage systems, including redundant servers and storage de-
vices, to ensure data availability in case of hardware failures. 
Employing a fault-tolerant architecture minimizes downtime 
and data loss.

d)	 Data validation: Regularly validate the integrity of 
backup copies through checksums or data validation tech-
niques. This helps ensure that backed-up data remains consis-
tent and free from corruption.

e)	 Disaster recovery plans: Develop comprehensive di-
saster recovery plans that outline procedures for data restora-
tion in the event of a catastrophic data loss scenario. Test these 
plans periodically to verify their effectiveness.

f)	 Access control: Enforce strict access controls and per-
missions for clinical data, ensuring that only authorized person-
nel can access, modify, or delete data. Implement encryption to 
protect data during transmission and storage.

By adhering to best practices for data preservation and stor-
age, dentists and researchers can safeguard clinical data’s long-
term accessibility and reliability. These measures not only pro-
tect against data loss but also contribute to the responsible and 
ethical use of clinical data in AI modelling for enhanced patient 
care.

Future directions and emerging technologies 

The evolution of AI in dentistry
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The evolution of Artificial Intelligence (AI) in dentistry is 
poised to continue shaping the future of dental care in pro-
found ways. As technology advances and AI algorithms become 
more sophisticated, several key trends and emerging technolo-
gies are likely to define the trajectory of AI in dentistry.

Enhanced diagnostic accuracy

AI algorithms have already demonstrated their potential in 
improving diagnostic accuracy in dentistry. In the future, we 
can expect even more advanced AI models capable of detecting 
subtle dental abnormalities and diseases with unprecedented 
precision [81]. This will enable earlier intervention, reducing the 
severity of oral health issues and improving patient outcomes.

Personalized treatment planning

The concept of personalized medicine is extending into den-
tistry. AI will play a pivotal role in tailoring treatment plans to 
individual patients’ needs, taking into account their medical 
history, genetics, oral health status, and preferences [82]. This 
approach will maximize treatment effectiveness and patient 
satisfaction.

Tele-dentistry and remote monitoring

Tele-dentistry, coupled with AI-powered remote monitoring, 
will become increasingly prevalent. Patients can receive real-
time guidance on oral hygiene practices and track their treat-
ment progress from the comfort of their homes. AI algorithms 
will analyse data from wearable devices and provide valuable 
insights to both patients and dental professionals [83].

Robotics in dental procedures

Robotic-assisted dental procedures will gain traction, with 
AI-driven robots assisting dentists in performing tasks with pre-
cision and accuracy. This can include tasks such as tooth extrac-
tions, implant placements, and even surgeries. Robotics will 
enhance procedural outcomes and reduce the margin for error 
[84].

AI-enhanced dental education

AI will revolutionize dental education by offering immersive, 
AI-powered simulations and training modules. Dental students 
and professionals can practice various procedures in virtual en-
vironments, honing their skills and gaining confidence before 
performing treatments on patients [85].

AI-driven predictive analytics in dental care

Early disease prediction

AI-driven predictive analytics will play a crucial role in iden-
tifying individuals at risk of dental diseases. By analysing exten-
sive patient data, including genetic markers, lifestyle factors, 
and historical dental records, AI algorithms can pinpoint indi-
viduals who may be predisposed to specific oral health issues. 
Early intervention and preventive measures can then be imple-
mented to mitigate these risks [86].

Treatment outcome prediction

Predictive analytics will also assist in estimating treatment 
outcomes with a high degree of accuracy. AI models can analyse 
patient data to predict the success rate of various treatment 
options, allowing dentists and patients to make informed deci-
sions about their dental care. This will enhance treatment plan-
ning and optimize resource allocation [87].

Patient behaviour modelling

Understanding patient behaviour is crucial for promoting 
oral health. AI-driven predictive analytics can model patient 
behaviour patterns, helping dentists tailor their communication 
and education strategies to maximize patient compliance with 
recommended treatments and oral hygiene practices [88].

Resource allocation optimization

Dental practices can benefit from predictive analytics to op-
timize resource allocation. AI can predict patient appointment 
cancellations, assess equipment maintenance needs, and fore-
cast patient influx to ensure efficient use of resources and mini-
mal downtime [89-91].

The future of AI in dentistry promises continued growth and 
innovation. Enhanced diagnostic accuracy, personalized treat-
ment planning, tele-dentistry, robotics, and AI-driven dental ed-
ucation are some of the exciting developments on the horizon. 
Additionally, the integration of predictive analytics into dental 
care will revolutionize disease prevention, treatment planning, 
patient behaviour modelling, and resource allocation. Dentists 
and dental professionals embracing these emerging technolo-
gies will be well-positioned to deliver higher-quality care and 
improved patient experiences in the years to come.

Conclusion 

In conclusion, this paper has underscored the pivotal role 
of clinical data in harnessing the power of AI modelling for en-
hanced patient care in dentistry. We have highlighted the signif-
icance of quality clinical data, emphasizing that it serves as the 
foundation for AI algorithms, enabling them to provide accurate 
diagnoses, personalized treatment plans, and improved patient 
experiences. The paper discussed the importance of data col-
lection methods, including electronic health records, imaging 
data, clinical notes, and patient surveys, while considering the 
challenges associated with each approach. Recapitulating key 
points, it is evident that AI has the potential to revolutionize 
dentistry by expediting diagnosis, enabling personalized treat-
ment recommendations, and streamlining practice manage-
ment. However, this potential can only be realized with the 
availability of high-quality, diverse, and well-curated clinical 
data. Dentists, as custodians of patient data, are encouraged to 
actively contribute to AI modelling by adhering to ethical stan-
dards, ensuring data privacy, and staying informed about data 
protection regulations. Looking ahead, the potential impact of 
AI in advancing dental care is vast. AI-driven dentistry can lead 
to early disease detection, improved treatment outcomes, and 
more efficient practice operations. It has the power to trans-
form how dental care is delivered, ultimately benefiting both 
patients and practitioners. Dentists should embrace this trans-
formative technology, collaborate with data scientists, and con-
tinue to explore innovative ways to leverage clinical data for the 
betterment of dental healthcare. By doing so, they can be at the 
forefront of a new era in dentistry, where AI enhances patient 
care and reshapes the future of the profession.
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